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 Abstract 
Does Content Knowledge Matter for New Teachers? 
Todd D. Reeves 
Dissertation Chair: Dr. Joseph J. Pedulla 
There is considerable evidence that new teachers are ill prepared for classroom practice, 
including self-reported evidence collected from teachers (e.g., Levine, 2006), and statistical 
evidence for differences in the achievement of students with new versus more experienced 
teachers (Rivkin, Hanushek, & Kain, 2005). In light of the challenges encountered by new 
teachers (e.g., Levine, 2006), this study examined the value of different forms of teacher 
knowledge for teachers with different levels of experience. In particular, this study investigated 
the interactive relationship between teaching experience and teacher content knowledge, and 
student achievement in mathematics and science. In New York City, Boyd et al. (2009) linked 
practice-focused teacher preparation to student mathematics achievement in the first year of 
teaching and teacher content preparation to achievement in the second. However, other studies 
demonstrated interactions between teaching experience and content knowledge with different 
interpretations (e.g., Kukla-Acevedo, 2009; Monk, 1994). At the same time, this study examined 
the interactive relationship between teaching experience and teachers’ pedagogical content 
knowledge, and student achievement. 
Extant models of teacher career development (Huberman, 1989; National Research 
Council, 2010) and how teacher education affects student achievement (e.g., Desimone, 2009) 
offered theoretical grounding for the study. With nationally representative samples of fourth and 
eighth grade U.S. students—participants in the 2011 Trends in International Mathematics and 
Science Study—this study employed hierarchical linear modeling to address its research 
 questions among an array of student achievement outcomes in the domains of mathematics and 
science. This study attempted to account for salient student, teacher, and contextual factors, and 
the probabilities of teachers’ receipt of various teacher education “treatments” (i.e., propensity 
score analysis) to reduce the plausibility of selection threats to internal validity.  
 The study found no evidence for relationships between teacher content knowledge or 
pedagogical content knowledge and student mathematics and science achievement in fourth and 
eighth grade. Furthermore, the results indicated no interactive relationships between forms of 
teacher knowledge and teaching experience, and student achievement in these grades/subjects. 
The limitations of cross-sectional, observational studies using large-scale data and directions for 
further research are discussed.   
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Chapter One 
 It is a truism that the U.S. needs a well-educated citizenry. With respect to science, 
technology, engineering, and mathematics (STEM) fields, however, some argue that the U.S. is 
falling behind in an increasingly global, competitive, and technological society (National 
Research Council, 2010, 2012; Wang, Coleman, Coley, & Phelps, 2003). In particular, attention 
has been paid to the K-12 pipeline by which individuals enter STEM fields, sometimes from the 
perspective of equity among different U.S. student subpopulations in terms of educational 
attainment in the STEM fields (Committee on Prospering in the Global Economy of the 21st 
Century, Committee on Science & Public Policy, 2007). Some have even argued that the tenuous 
science and technology skills of our workforce pose significant threats to national security (Klein 
& Rice, 2012). 
Indeed, the 2011 Trends in International Mathematics and Science Study (TIMSS) 
painted a (relatively) discouraging picture of the status of U.S. student achievement. In TIMSS 
2011, the U.S. ranked 11th in fourth grade and 9th in eighth grade for mathematics achievement. 
In science, TIMSS placed the U.S. in 7th and 10th place for fourth and eighth grade achievement 
respectively (Martin, Mullis, Foy, & Stanco, 2012; Mullis, Martin, Foy, & Arora, 2012). The 
problem addressed by this study, writ large, is suboptimal levels of U.S. achievement in 
mathematics and science relative to our international counterparts.  
Large-scale assessment results such as these prompted widely publicized international 
comparative reports highlighting the nature of the teaching profession in the U.S. compared to its 
high-performing counterparts (Mourshed, Chijioke & Barber, 2010; Paine & Schleicher, 2011). 
The reform of the teaching profession through recruitment, preparation and so forth, particularly 
in mathematics and science, is a hallmark of the Obama Administration’s education platform.  
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Much contemporary educational research supports the claim that teacher quality matters 
(Darling-Hammond, 1999; Hanushek, Kain, O’Brien, & Rivkin, 2005; Nye, Konstantopoulos, & 
Hedges, 2004; Rice, 2003). However, far less is known about how best to prepare teachers 
(Boyd, Grossman, Lankford, Loeb, & Wyckoff, 2009; Gansle, Noell, & Burns, 2012; Levine, 
2006; National Research Council, 2010). Despite increased attention toward teacher preparation, 
including increased accountability (Cochran-Smith, 2005; National Research Council, 2012; U.S. 
Department of Education, 2010a), beginning teachers’ sense of unpreparedness for teaching 
remains a perennial theme in educational research (Levine, 2006; National Council for 
Accreditation of Teacher Education, 2010; Veenman, 1984). A considerable share of new 
teachers report being unprepared for the day-to-day tasks of the teaching profession such as 
classroom management. A corollary of this is that teacher effectiveness varies as a function of 
teaching experience, perhaps non-linearly wherein the first few years of teaching represent a 
qualitatively distinct period (Clotfelter, Ladd, & Vigdor, 2006; Darling-Hammond, Holtzman, 
Gatlin, & Heilig, 2005; Hanushek, Kain, O’Brien, & Rivkin, 2005; Harris & Sass, 2011; Kukla-
Acevedo, 2009; Monk, 1994; Rivkin, Hanushek, & Kain, 2005; Wayne & Youngs, 2003). The 
fact that new teachers struggle is particularly problematic given that they are deemed a linchpin 
of education reform (National Research Council, 2012). Not surprisingly, early teachers are the 
most well researched subset of teachers (Johnson, Berg, & Donaldson, 2005). 
In general, the education field lacks a strong knowledge base for how best to prepare new 
teachers (Boyd et al., 2009). There are then, various teacher education philosophies and models 
(e.g., social justice-oriented programs, exclusively practice-based programs, and traditional 
undergraduate programs), which differ in terms of their educative processes and intended 
outcomes. Despite this diversity among program types, research supports the notion that teachers 
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of mathematics, and to a lessor extent teachers of science, should possess content knowledge in 
their subject (Druva & Anderson, 1983; Goldhaber & Brewer 1996, 2000; Kennedy, Ahn, & 
Choi, 2008; National Research Council, 1996, 2010; Monk, 1994; Rowan, Correnti, & Miller, 
2002; Wayne & Youngs, 2003; Whitehurst, 2002, March). In science, Monk (1994) even found 
differential relationships between content knowledge in various disciplines (i.e., life versus 
physical sciences) and student achievement. Content knowledge is well codified in teacher 
education policy at multiple levels, including the state level, and federally with No Child Left 
Behind (Cochran-Smith, 2005). 
 The thrusts of teacher education policy aside, Cochran-Smith et al. (2012) point out that 
there remains much debate around the types of knowledge needed by teachers. For example, 
there is also some evidence for the instructional value of subject-specific pedagogical knowledge 
(so-called pedagogical content knowledge) in addition to “pure” content knowledge (Kukla-
Acevedo, 2009; National Research Council, 2010, 2012; Wilson et al., 2001).  
Altogether then, the literature suggests that both content, or disciplinary, knowledge as 
well as subject-specific pedagogical knowledge have value for effective teaching practice.1 As 
the National Research Council (2010) pointed out, “current research and professional consensus 
correspond in suggesting that all mathematics teachers, even elementary teachers, rely on a 
combination of mathematics knowledge and pedagogical knowledge” (p. 114). Logically, it is 
likely that effective teaching requires multiple attributes and that these attributes interact with 
one another. 
Additionally, there is some evidence that the correlations between different types of 
                                                 
1 Wilson et al.’s (2001) review also indicated the value of general pedagogical preparation (e.g., 
knowledge of general instructional methods, theories of learning, and classroom management), 
which is not taken up here because TIMSS does not collect data on specific coursework per se. 
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teacher knowledge and student achievement might vary as a function of a teacher’s number of 
years of teaching experience. A recent study examined teacher preparation as it relates to student 
achievement during the first two years of teaching. Boyd et al. (2009) followed teachers in New 
York City for their first two years and examined their students’ achievement during those years 
as a function of teacher preparation and other variables. Using value-added scores, the authors 
found that student achievement in mathematics during teachers’ first year tended to be higher 
(than expected) among teachers with more practice-related preparation. During the teachers’ 
second year, it was their content preparation that better predicted with student achievement, as 
per a value-added model. These findings suggested that the instructional value of content 
knowledge varies with teachers’ levels of experience. One inference that might be drawn from 
this finding would be that, for new teachers, the capacity to manage the day-to-day tasks of the 
teaching profession (e.g., classroom management, lesson plan development, and grading) is more 
important than content knowledge in differentiating effective teachers. Along these lines, 
Russell, Bebell, O'Dwyer, and O'Connor (2003) observed that, despite their age, new teachers 
were less likely to use technology than their more experienced counterparts. 
Other studies, however, demonstrated interactions between content knowledge and 
teaching experience with differing interpretations and implications. For example, Kukla-
Acevedo (2009) found that mathematics content credit hours, and grade point average in those 
courses, were related to mathematics achievement in fifth grade initially and also that these 
effects increase as teachers gain experience. In contrast, Rowan, Chiang, and Miller (1997) and 
Monk (1994) found that the student achievement-teacher content knowledge relation in 
mathematics declines over time at the high school level; Monk showed the same thing for 
science content knowledge as well. These studies as well as that of Boyd et al. (2009) diverge 
 5 
with respect to the timing of and change in the relationship between teacher content knowledge 
and student achievement in mathematics and science during teachers’ careers. Given mixed 
evidence on the joint relationship between teacher content knowledge, teaching experience and 
student achievement, and its implications for teacher education, this study examined the 
interaction of teacher content knowledge and teaching experience. 
The Present Study  
Mindful of new teachers’ “reality shock” (e.g., Levine, 2006; Veenman, 1984), this study 
considered the role of teacher content knowledge from a developmental perspective on teacher 
education and learning (e.g., Fuller, 1969; Huberman, 1989; National Research Council, 2010). 
At its core, this study examined the extent to which different types of teacher knowledge relate to 
student achievement throughout the teaching career. This study made a number of notable 
assumptions, which are made explicit here and elaborated in the next chapter: 
 Student achievement is in part, a function of teacher pedagogical practice; 
 Knowledge provides a basis for teachers’ pedagogical practice; 
 Teachers’ reliance on different types of knowledge as a basis for their practice varies as a 
function of teaching experience; and 
 Formal training (e.g., coursework, professional development) fosters teacher learning of 
content knowledge and pedagogical content knowledge. 
This study sought to help reconcile studies referenced earlier and at the same time 
respond to calls for additional research on teacher preparation vis-à-vis content knowledge (e.g., 
Boyd et al., 2009; National Research Council, 2010; Wayne & Youngs, 2003; Wilson et al., 
2001). In light of findings around the value of pedagogical content knowledge (e.g., Wilson et 
al.), this study necessarily also considered subject-specific pedagogical content knowledge where 
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the data allowed. Notably, Wilson et al. (2001) made calls for studies “that compare the relative 
importance of specific parts of teacher preparation [which] could be useful to those designing 
and revising teacher education programs” (p. iv).  
 The present study, a secondary analysis of data from TIMSS 2011, investigated several 
research questions about teacher knowledge. First, the study asked: 
1) To what extent are student mathematics and science achievement higher among 
students with teachers who possess more content knowledge?  
For this research question, this study examined the relationship between degrees in 
mathematics and science and mathematics and science content-focused professional 
development—both of which represent forms of teacher education2—and student achievement in 
fourth and eighth grade mathematics and science. The rationale for studying these student 
populations and subjects in particular is discussed in Chapter Two. In light of the diversity of 
science degrees (and indeed the discipline) among secondary educators, and evidence favoring 
the value of content knowledge in the physical over the life sciences (Monk, 1994), this study 
also examined secondary teachers’ particular science degrees (both in general and as they 
aligned with the curricular emphasis).  
Under the assumption that subject-specific pedagogical knowledge, i.e., pedagogical 
content knowledge, might better prepare teachers to teach a particular subject than strict 
disciplinary knowledge, this study also addressed another research question: 
2) To what extent are student mathematics and science achievement higher among 
students with teachers who possess more pedagogical content knowledge? 
                                                 
2 Teacher induction, a third prong of teacher education, is not taken up here because it is not 
assessed by TIMSS, though it is worth noting that research supports its effectiveness in terms of 
both student achievement and teacher retention (e.g., Ingersoll & Smith, 2004; Ingersoll & 
Strong, 2011; cf. Wang, Odell, & Schwille, 2008). 
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To this end, this study investigated the relationship between student achievement in mathematics 
and science and two sources of pedagogical content knowledge: a major in mathematics 
education or science education and participation in professional development focused on 
mathematics or science pedagogy/instruction. This research question was addressed for eighth 
grade only, for reasons discussed in Chapter Two. 
In recognition of the often-conditional nature of educational research findings, the study’s 
next research questions involved whether the relation between teacher knowledge (both content 
and pedagogical content knowledge) and student achievement varies as a function of teaching 
experience. 
In terms of content knowledge, this study asked: 
3) To what extent does the relationship between teacher content knowledge and student 
mathematics and science achievement vary as a function of teaching experience? 
Given that teacher unpreparedness is a perennial theme in the literature (Levine, 2006; National 
Center for Education Statistics, 1999, 2000; Veenman, 1984), it is plausible that the effects of 
content knowledge do not operate until (say) teachers garner experience in the practice of 
teaching. As an alternative, one might hypothesize that content knowledge effects diminish as 
time elapses since teachers’ original content learning (Monk, 1994). Crucially, the inconsistent 
findings of Boyd et al. (2009), Rowan, Chiang, and Miller (1997), Kukla-Acevedo (2009) and 
Monk (1994) invite replication studies by the educational research community. 
With respect to pedagogical content knowledge, this study investigated the question: 
4) To what extent does the relationship between teacher pedagogical content knowledge 
and student mathematics and science achievement vary as a function of teaching experience?  
It could be that pedagogical content knowledge better equips teachers, particularly new teachers, 
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for the complex practice of teaching than does subject matter knowledge. 
Significance of the Study 
This study may have implications for the U.S. preK-12 education institution, namely 
teacher education. Most obviously, the study might shed additional light on the questions of 
whether content knowledge and pedagogical content knowledge relate to student achievement, 
and moreover whether these relationships depend on teaching experience (and how). Regarding 
teacher education specifically, current policies at various levels of the education system as well 
as reward structures are predicated on the notion that particular educational pathways and 
attainments matter (e.g., coursework requirements to promote teacher subject matter expertise). 
The findings of this study may also provide empirical evidence to inform other federal, state, and 
district human capital (e.g., teacher quality, teacher education, and teacher credentialing) policies. 
It is hoped that this study also offers theoretical contributions to extant models of the 
teaching career (e.g., Huberman, 1989), specifically around the type of knowledge that might be 
useful for particular times during the career (discussed in the next chapter). If it is in fact the case, 
for example, that content knowledge does not differentiate new teachers in terms of their students’ 
achievement, this would suggest the need for alternative preparation targets for teachers (i.e., 
practice-related knowledge and skills) or a balance of such skills with content knowledge during 
pre-service preparation. These findings might also support training that is targeted for new 
teachers (e.g., professional development, induction, or mentoring). If new teachers need practical 
knowledge then they should be provided with relevant PD opportunities when they are needed.  
At the most broad level, research-based knowledge generated from this study may help 
advance strategies for tackling the suboptimal achievement in mathematics and science 
evidenced by both international comparative and national studies (e.g., Martin et al., 2012; 
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Mullis et al., 2012; Organization for Economic Co-operation & Development, 2010). It is also 
worth pointing out that both content knowledge and pedagogical content knowledge are 
(theoretically) manipulable such that education stakeholders, specifically policy- and other 
decision-makers, can exert (some) control over them through coursework, induction, and 
professional development requirements (Goldhaber & Brewer, 1996). These findings, when 
taken together with other literature, of course, should then be instructive for policy makers 
throughout the multi-layered education system, administrators, and teacher educators who have a 
vested interest in improving the mathematics and science achievement of U.S. students. 
In summary, the study revisited the relationships between two forms of teacher 
knowledge, specifically content knowledge and pedagogical content knowledge, and student 
achievement in fourth and eighth grade mathematics and science. Taking a developmental 
perspective on teacher learning and development, of particular interest in this study was the 
timing of these relationships during the course of a teacher’s career. The data source was TIMSS 
2011. This study’s design was quantitative, in general, and constitutes (retrospective) ex post 
facto research, in particular. Across all outcomes this study attempted to eliminate alternate 
explanations for the relationships of interest by accounting for potentially extraneous variables at 
the student and contextual levels (i.e., teacher, classroom, schools). In addition, the study used 
propensity score analysis to account for student selection into particular “treatments” (i.e., 
having a teacher with a particular degree or who has recently participated in professional 
development). In the two chapters that follow, respectively, I review the theoretical and 
empirical literature grounding this study, and outline the research methods.  
This paper uses several key terms to refer to related, but distinct, forms of teacher 
knowledge, here defined in general terms for the reader: 
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 Pedagogical knowledge is knowledge of how to teach in general; 
 Content knowledge is knowledge of a particular discipline, or subject matter area (e.g., 
mathematics); and 
 Pedagogical content knowledge is knowledge of how to teach the content of a particular 
discipline, or subject matter area (e.g., English/language arts) (e.g., Shulman, 1987). 
Each of these concepts are discussed in the next chapters, with respect to both the extant 
literature and the present study. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 11 
Chapter Two 
This chapter sets the context for this study. It comprises discussions of the status of U.S. 
mathematics and science achievement, teacher preparation and knowledge, and teachers’ sense 
of unpreparedness for practice. The literature reviewed within offers empirical, theoretical, and 
conceptual grounding for the study. Given these insights, this study made a number of notable 
assumptions, which are made explicit here and elaborated in this chapter: 
 Student achievement is in part a function of teacher pedagogical practice; 
 Knowledge provides a basis for teacher pedagogical practice; 
 Teachers’ reliance on different types of knowledge as a basis for their practice varies as a 
function of teaching experience; and  
 Formal training (e.g., coursework, professional development) fosters teacher learning of 
content knowledge and pedagogical content knowledge. 
Other assumptions related to substantive and methodological issues are also discussed in this and 
the next chapters. 
Research Problem 
With respect to science, technology, engineering, and mathematics, some argue that the 
U.S. is falling behind in an increasingly global, competitive, and technological society—
particularly in mathematics (Committee on Prospering in the Global Economy of the 21st 
Century, Committee on Science & Public Policy, 2007). In TIMSS 2011, the U.S. ranked 11th in 
fourth grade and 9th in eighth grade for mathematics achievement. In science, TIMSS placed the 
U.S. in 7th and 10th place for fourth and eighth grade achievement respectively (Martin et al., 
2012; Mullis et al., 2012). Another recent international comparative study, the Programme in 
Student Assessment (PISA), positioned mathematics and science literacy among U.S. 15-year-
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olds in 31st and 23rd place respectively; seventeen (for mathematics) and eighteen (for science) 
other countries had statistically distinguishable (and higher) achievement (Fleischman et al., 
2011; Organization for Economic Co-operation & Development, 2010). The problem addressed 
by this study, writ large, was discouraging levels of U.S. achievement in mathematics and 
science relative to our international counterparts. 
At home and internationally, research shows that education (e.g., literacy skills and 
achievement) is associated with social, health, and economic outcomes for both individuals (e.g., 
earnings) and society at large (Green & Riddell, 2001; Hanushek & Woessmann, 2011; Harris, 
Handel, & Mishel, 2004; Kirsch, Braun, Yamamoto, & Sum, 2007; Mingat & Tan, 1996; 
Organization for Economic Co-operation & Development, 2010; Wolfe & Haveman, 2002). 
Further, international evidence suggests that the investment of resources into both primary and 
secondary education translates to economic productivity (Mingat & Tan, 1996). Such findings 
certainly support education’s institutional mission.  
The aforementioned achievement results prompted widely publicized international 
comparative reports highlighting the nature of the teaching profession in the U.S. relative to its 
high-performing counterparts (Mourshed, Chijioke, & Barber, 2010; Paine & Schleicher, 2011). 
The reports generally described differences between the U.S. and higher achieving nations, or the 
characteristics of high performing/improving nations. At the same time, there is a prominent 
narrative around elevating the status of and “professionalizing” teaching in the U.S. (Auguste, 
Kihn, & Miller, 2010; Barber & Mourshed, 2007; Ingersoll, 1999; Mourshed et al., 2010; 
National Council of Teachers of Mathematics, n.d.; National Research Council, 2010; 
Organization for Economic Co-operation & Development, 2011; Paine & Schleicher, 2011; U.S. 
Department of Education, 2010b; Wang, Coleman, Coley, & Phelps, 2003). 
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The Obama Administration has endorsed reforms to the recruitment, preparation, support, 
and compensation of U.S. teachers (U.S. Department of Education, 2010c, 2011). President 
Obama’s plans for education include the hiring of 100,000 new mathematics and science 
teachers. Indeed, there are notable teacher shortages in particular specializations (i.e., 
mathematics and science) and contexts, e.g., schools serving under-represented student 
populations (American Association of Colleges for Teacher Education, 2010a). 
Teacher attrition is another problem facing the U.S. education system. Of those teachers 
in the Beginning Teacher Longitudinal Study who began teaching in public schools during 2007 
or 2008, 9.9% were no longer teaching in 2008-09, and 12.5% were not in 2009-10 (Kaiser, 
2011). A meta-analysis by Borman and Bowling (2008) also found that teachers with degrees in 
mathematics and science and teachers who scored high on college admissions/placement tests 
were more likely to leave the profession than teachers with other undergraduate degrees. Less 
experienced teachers were also more likely to leave the profession than their more experienced 
counterparts. Ingersoll (2001) also reported that mathematics and science teachers who leave the 
profession cite lower levels of job satisfaction than other teachers who also leave. Moreover, 
Ingersoll and May (2012) found large school-to-school differences in attrition among 
mathematics and science teachers, with more attrition among teachers serving in high-poverty, -
minority and urban public schools. Consequently, there is a constant need to recruit and hire new 
teachers to fill positions left vacant by those who leave the profession, which undermines the 
efficiency of the education system (e.g., Murnane, Singer, Willett, Kemple, & Olsen, 1991).  
In an educational landscape dominated for a decade by test-driven accountability for 
students and schools, new policy initiatives increasingly focus on teachers. For example, some 
states are tying student achievement test-based indicators to teacher evaluation, tenure and 
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compensation decisions (U.S. Department of Education, 2010c). No doubt, the pressure to ensure 
that teachers are effective has never been greater (Diez, 2010). 
Many also argue for reform of teacher education, for various reasons; some of which are 
discussed throughout this literature review (Auguste, Kihn, & Miller, 2010; Barber & Mourshed, 
2007; Paine et al., 2010; Wang et al., 2003). For instance, one current discourse focuses on the 
entry requirements/admissions standards for teacher preparation programs (Cochran-Smith, 
2005; Greenberg & Walsh, 2008; Levine, 2006; National Education Association, 2011; U.S. 
Department of Education, 2010c, 2011). Despite these calls for the reform of teacher education, 
many have noted the dearth of research on teacher preparation that can be used to inform such 
decisions (Boyd et al., 2009; National Research Council, 2010; Wayne & Youngs, 2003; Wilson 
et al., 2001). At the same time, there are longstanding debates on how best to prepare teachers 
for the learning profession (Cochran-Smith, 2008). 
One form of teacher preparation, preparation in content knowledge, is a less debated 
issue, particularly in the domains of mathematics and science (Goldhaber & Brewer, 1996, 2000; 
Kennedy, Ahn, & Choi, 2008; Monk, 1994; National Research Council, 2010; Rowan, Correnti, 
& Miller 2002; Wayne & Youngs, 2003; Whitehurst, 2002, March). The measurement of content 
knowledge has traditionally been by way of teachers’ educational credentials—the “inputs” of 
the system (Rowan, Correnti, & Miller, 2002). This aspect of teacher quality is particularly 
codified in the policy realm at multiple levels. It is logically straightforward that increased 
subject matter knowledge would advance one’s ability to effect change in student learning in a 
subject. 
 Content knowledge is a focal point of the current preeminent federal educational policy—
the No Child Left Behind Act of 2001 (NCLB) [20 U.S.C. § 6319 (2008)]—which explicitly 
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acknowledges the cardinal role of teachers3 (Boe, Sunderland, & Cook, 2008; Cochran-Smith, 
2005, 2008). In 2005, Cochran-Smith described what she called the “new teacher education.” 
She wrote, “One of the significant consequences of the new teacher education is the bright 
spotlight on subject matter knowledge, which now overshadows pedagogy and other areas 
related to education study” (p. 12). One of the most prominent aspects of the NCLB policy is 
test-based school accountability. This NCLB legislation also required that a “highly qualified” 
teacher be in every classroom by the end of the 2005-06 school year. In order to be designated 
highly qualified, teachers must complete their teacher preparation program requirements and a 
state-specific licensure test (replete with the assessment of content knowledge).  
The test-based accountability spurred on and required for all states by NCLB is hotly 
debated among education’s various stakeholders. Moreover, its effects on the education system 
are not yet well understood by empirical research, although some research suggests only limited 
effects (e.g., Lee & Reeves, 2012). There is also empirical evidence that test-based 
accountability has resulted in unintended, negative consequences for curriculum and instruction, 
most notably a narrowing of the curriculum such that instruction is focused on the low-level 
cognitive outcomes tapped by the testing regime (Abrams, Pedulla, & Madaus, 2003; Koretz, 
Linn, Dunbar, & Shepard, 1991).  
Teachers’ Sense of Preparedness 
Despite the increasing attention being directed toward teachers, and teacher education 
(including increased accountability), a considerable share of new teachers report feeling 
unprepared for the realities of and day-to-day practice of teaching (Fuller, 1969; Levine, 2006; 
                                                 
3 There are also indications that the forthcoming reauthorization of the Elementary and 
Secondary Education Act, No Child Left Behind’s predecessor, will echo an emphasis on teacher 
quality through accountability provisions targeting teacher effectiveness (U.S. Department of 
Education, 2010a). 
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National Center for Education Statistics, 1999, 2000; National Council for Accreditation of 
Teacher Education, 2010). Further, the problem of new teachers feeling unprepared for the 
practical aspects of teaching is not new in teacher education. In 1984, a literature review by 
Veenman found that 
The eight problems perceived most often are classroom discipline, motivating students, 
dealing with individual differences, assessing students’ work, relationships with parents, 
organization of classwork, insufficient and/or inadequate teaching materials and supplies, 
and dealing with problems of individual students (p. 143). 
Notably, Veenman described how both new elementary and secondary teachers report feeling 
unprepared for these essential duties of teaching practice. 
More recent literature also indicates similar problems with the preparedness of teachers 
for their initial classroom practice. Kauffman, Moore-Johnson, Kardos, Liu, and Peske (2002) 
studied new teachers in Massachusetts with respect to curriculum and assessment and found that 
they struggled to prepare instructional content and materials. Davis, Petish and Smithey’s (2006) 
recent review of the literature for beginning science teachers similarly indicated that new 
teachers face problems and require support. New teachers’ sense of unpreparedness for practice 
is especially problematic given that they are relied upon for reform efforts [through training 
received during pre-service preparation] (Davis et al., 2006). Along these lines, Russell et al. 
(2003) found that counter to expectations technology use was not as high among new teachers 
relative to their more experienced colleagues. As an explanation for their findings, the authors 
implicated insufficient opportunities for teachers to learn how to implement technology in an 
actual classroom environment. Alternatively, it is possible that beginning teachers simply do not 
prioritize technology use. 
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A corollary of new teachers’ sense of unpreparedness for practice is that teacher 
effectiveness varies as a function of teaching experience, even non-linearly. The research 
consensus is that teacher experience effects are limited to the first few years of teaching, perhaps 
only the first five years. Harris and Sass (2011) contrarily found relationships among teaching 
experience and student mathematics achievement even after five years. Regardless of the exact 
nature of the relationship between teaching experience and student outcomes, it has been 
demonstrated across subject areas (including in mathematics and science) and levels [with some 
variation in effects, for example Rowan, Correnti, and Miller (2002) found that teaching 
experience effects were larger for teachers in the later grades] (Boyd, Grossman, Lankford, Loeb, 
& Wyckoff, 2009; Darling-Hammond, Holtzman, Gatlin, & Heilig, 2005; Clotfelter, Ladd, & 
Vigdor, 2006, 2007; Croninger et al., 2007; Goldhaber & Anthony, 2007; Goldhaber & Brewer, 
2000; Greenwald, Hedges, & Laine, 1996; Hanushek, Kain, O’Brien & Rivkin, 2005; Harris & 
Sass, 2011; Henry et al., 2012; Kukla-Acevedo, 2009; Monk, 1994; Rivkin, Hanushek, & Kain, 
2005; Rowan, Correnti, & Miller, 2002; Wayne & Youngs, 2003; Whitehurst, 2002, March) (but 
cf. Buddin & Zamaro, 2009; Goldhaber & Brewer, 1996; Lubienski, Lubienski, & Crane, 2008; 
Palardy & Rumberger, 2008; Winters, Dixon, & Green, 2011). If teacher experience effects are 
in fact larger in the later grades, this might be explained on account of the fact that the 
preparation of secondary teachers often moreso emphasizes content knowledge. In the U.S., 
teacher compensation structures are predicated on teachers’ amount of teaching experience, as 
well as other credentials such a master’s degrees (Buddin & Zamarro, 2009).  
Possible explanations for a relationship between student achievement and teaching 
experience are at times straightforward but also are multiple. An obvious exposition for new 
teachers’ sense of unpreparedness for practice is that much teacher learning occurs on first years 
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of the job as teachers acquire the tacit knowledge of teaching. As Davies, Petish, and Smithey 
(2006) put it, “New teachers are, by definition, novices working toward expertise” (p. 608). 
Sykes et al. (2010) noted that, 
Many observers have argued that teaching is learned primarily on the job and in the work 
setting. Because the total amount of time under the supervision of training programs is 
truncated (anywhere from six weeks to one year), much of the learning occurs in the early 
years on the job, outside the direct control of the training institutions” (p. 467). 
Correspondingly, Henry et al. (2012), Kennedy (1999) and Rivkin, Hanushek, and Kain (2005) 
provided similar explanation for teaching experience effects that centered on gaining teaching 
proficiency through the acquisition of experiential knowledge.  
Some have argued that the lack of a codified knowledge base for teaching [cf. Grossman 
and McDonald (2008), as it pertains to reading instruction] means that experience is necessarily 
an important knowledge source for teachers (Lortie, 1975). Another explanation for the problem 
of initial teacher unpreparedness is that the nature of the teaching profession and the structure of 
schools leave teachers isolated—lacking support from more expert teachers. Research shows that 
beginning teachers often report not knowing what to teach or how to teach it (Kardos & Moore-
Johnson, 2007; Lortie, 1975). 
Rivkin et al. (2005) also posited other mechanisms by which teaching experience relates 
to student achievement. They stated that “a number of early teachers [might] discover that they 
are not well matched for teaching and subsequently leave the profession within the first few 
years” (p. 448). Regarding this hypothesis—that experience effects could be attributed to 
differential attrition of more effective and less effective teachers—some evidence suggests that 
teaching experience effects are primarily attributable to learning from experience (Clotfelter, 
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Ladd, & Vigdor 2007). Hanushek, Kain, O’Brien and Rivkin (2005) also speculated “teachers 
may vary effort systematically with experience in response to tenure decisions or other 
institutional and contractual issues” (p. 18). 
The methodology of prior empirical studies chiefly reflects the on-the-job learning 
hypothesis about teaching experience. For example, Harris and Sass (2011) treated teaching 
experience as a proxy for informal, on-the-job training. Rowan, Correnti, and Miller (2002) 
likewise considered teaching experience as a proxy for teacher professional knowledge under the 
assumption that teachers learn over time; they stated, 
We reasoned that teacher experience could serve as a proxy for teachers’ professional 
knowledge, under the assumption that teachers learn from experience about how to 
represent and teach subject-matter knowledge to students (p. 1540). 
Relevant to this study, Kukla-Acevedo points out that research studies often, “make the 
implicit assumption that experience operates similarly for all teachers. However, it is likely that 
the effect of experience varies with teachers’ qualities or abilities” (p. 50). By this reasoning, 
some teacher characteristics—possibly participation in particular forms of teacher preparation or 
the possession of particular types of knowledge—might serve to diminish or amplify teacher 
experience effects. With this in mind, this study took a nuanced look at the effects of teaching 
experience vis-à-vis teacher content knowledge and pedagogical content knowledge. 
Some literature takes a developmental perspective on teacher education, which provides a 
framework for understanding teachers’ sense of preparedness and teaching experience effects. As 
the National Research Council (2010) stated, “teacher learning is best understood as a process 
that continues throughout teachers’ careers—for example, through induction, mentoring, in-
service professional development, and professional collaboration” (p. vii). Veenman (1984) and 
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Fuller (1969) put forth similar models, including a developmental model of teachers’ concerns. 
Fuller, for instance, theorized that new teachers are concerned with class control, content 
adequacy, and teaching situations.  
There are also several developmental stage (or phase) models for the careers of educators, 
specifically classroom teachers (Moore-Johnson, Berg, & Donaldson, 2005). For instance, 
Huberman (1989) studied teachers in Switzerland and proposed understanding teachers’ careers 
in terms of three stages: survival and discovery, stabilization, and experimentation. In the 
survival and discovery stage, teachers experience “reality-shock” and struggle with the 
complexity of teaching; at the same time, they are enthusiastic about their new role. The 
stabilization stage is marked by commitment to the profession (for teachers reaching this stage) 
and more skillful instruction. In the experimentation stage, teachers seek to increase their impact 
on students (through further refined practice) and the school organization more generally. 
Dreyfus and Dreyfus (1986) proposed a five-stage model to characterize career development 
more generally, which comprised the stages: novice, advanced beginner, competent, proficient, 
and expert. 
Stage models have been criticized for their fixed sequence, and others have worked to 
augment them (Dall'Alba & Sandberg, 2006; Moore-Johnson, Berg, & Donaldson, 2005). 
However, I argue that these general and teaching-specific career development models offered 
insights for this study. For example, Huberman’s theory presupposes that teachers learn through 
experience, thus it naturally offers a frame for any study of teaching experience. Most relevant to 
this study’s research questions, the Dreyfus and Dreyfus (1986) model predicts that novices (e.g., 
new teachers) typically follow explicit rules they have been taught to apply (as do novices in 
other fields). One might deduce from this theory, then, that new teachers rely on pedagogical 
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knowledge or pedagogical content knowledge (specifically procedural knowledge) more so than 
content knowledge. Given the literature reviewed in this section, this study assumed that the 
beginning period of teaching is a qualitatively distinct period wherein teachers garner experience 
with the practical, logistical, administrative, and bureaucratic aspects of the teaching profession.  
Teachers’ sense of unpreparedness for practice has also been attributed to certain aspects 
of teacher education (Davis, Petish, & Smithey, 2006). Most common in the literature are 
assertions around the disconnect between teacher preparation and the actual practice of teaching, 
namely incoherencies between the former’s “theory” and the latter’s “practice;” the extensive 
emphasis on content knowledge; and the irrelevance of preservice coursework to the needs of 
teachers (Ball, Thames, & Phelps, 2008; Farkas & Duffett, 2010; Fuller, 1969; Reeves & 
Pedulla, 2011, 2013; Sykes et al., 2010; Veenman, 1984). Lending credence to these assertions, a 
qualitative study by Allen (2009) found that in their practice, new teachers privileged the 
practice observed in schools over the theory learned during teacher education. Ironically enough, 
to explain teachers’ preparedness for practice some have even gone so far as to implicate poor 
instruction during teacher preparation (Levine, 2006).  
 To some extent, research supports the contention that the characteristics of teacher 
education relate to teacher preparedness. Using Schools and Staffing Survey data, for instance, 
Boe and Shin (2007) linked “extensive” preparation (as classified by the authors) in pedagogy 
and practice teaching (supervised) to higher reported levels of preparedness to teach along seven 
professional practice dimensions. As they note, their findings are interesting in light of federal 
teacher education policy, which emphasizes content knowledge preparation. Harris and Sass 
(2011) found a relationship between student achievement in high school reading and teacher 
participation in a classroom management course—another practice-relevant learning opportunity. 
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In another study by Ingvarson, Beavis and Kleinhenz (2007), new primary and secondary 
teachers who reported being well prepared for teaching had received preparation in (for 
example): assessing student learning and planning curriculum units; diagnosing students’ 
existing levels of understanding of the content; planning activities that would promote further 
development of understanding; and managing the classroom. 
In explicating teacher preparedness, the literature also discussed other aspects of teacher 
education. For example, some have drawn attention to the importance of clinical (student 
teaching) experiences in teacher skill development. In particular, some have noted issues with 
the coordination of these experiences by both field site and university actors; their coherence 
with what is taught in teacher preparation; as well as their quality more generally (Grossman & 
McDonald, 2008; Sykes et al., 2010). 
Beginning teachers’ sense of unpreparedness has led to calls for several reforms to 
teacher education—all of which emphasize the preparation of new teachers for the practice of 
teaching. First, some have argued for a strengthening of the clinical internship (or student 
teaching) experience to prepare teachers better for practice (American Association of Colleges 
for Teacher Education, 2010b; Greenberg, Pomerance, & Walsh, 2011; Grossman, Hammerness, 
& McDonald, 2009; National Council for Accreditation of Teacher Education, 2010; National 
Education Association, 2011; National Research Council, 2010; U.S. Department of Education, 
2011). School-based training allows teacher trainees to be engaged in situated, authentic learning 
experiences in a real-world context. As Lowery (2002) stated, “school-based experiences may 
afford preservice teachers greater opportunities to focus on content and instructional strategies at 
deeper levels” and “to address anxieties typically associated with the teaching of…mathematics 
and science” (p. 68). While clinical experiences for teachers vary in both form and intensity, new 
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teachers do report value in such experiences, for example, in terms of the receipt of feedback 
from cooperating teachers (Ludlow et al., 2008; Wilson et al., 2001). It is worth mentioning that 
these clinical experiences are typically argued as important not in lieu of but rather in addition to 
formal training in both content knowledge and pedagogy (Barber, & Mourshed, 2007; 
Organization for Economic Cooperation & Development, 2011; Paine & Schleicher, 2011; 
Schmidt et al., 2007). 
Second, prevalent in the literature are calls for an increased curricular focus on practice 
during preservice teacher preparation (e.g., classroom management) (American Association of 
Colleges for Teacher Education, 2010b; Korthagen & Kessels, 1999; Levine, 2006; National 
Council for Accreditation of Teacher Education, 2010; Sykes et al., 2010). The National Council 
for Accreditation of Teacher Education (2010) asserted that teacher preparation’s extensive 
emphasis on academic preparation should be relaxed in favor of a focus on the clinical practice 
of teaching. The Obama administration similarly espouses, at least rhetorically or through Arne 
Duncan, an increase in hands-on, practiced-based teacher learning.4  
Third, there exist calls for teacher induction—“on-the-job” teacher education, support, 
seminars, guidance, mentoring or orientation programs, collaborative group activities, or extra 
resources—for new K-12 teachers (Davis, Petish, & Smithey, 2006; Fuller 1969; Ingersoll & 
Strong, 2011; Kardos & Moore-Johnson, 2007; Veenman, 1984). Distinct from both pre- and in-
service teacher education, Ingersoll and Smith (2004) state that “these programs are often 
conceived as a bridge from student of teaching to teacher of students” (p. 29). As Ingersoll and 
Smith (2004) discussed, induction has been increasingly pursued 
                                                 
4 Boe, Sunderland, and Cook (2008) found empirically for first year teachers that preparation in 
classroom management was associated with remaining in teaching whereas preparation in 
subject matter and pedagogy was not. 
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To assist new teachers in coping with the practicalities of teaching, managing groups of 
students, and adjusting to the school environment…But the kinds and number of supports 
provided by schools to beginners vary (p. 2004). 
The international comparative reports cited earlier also point out the critical role of both 
induction and professional development, both of which are discussed later in detail (Barber & 
Mourshed, 2007; Mourshed, Chijioke, & Barber, 2010; Organization for Economic Co-operation 
& Development, 2011; Paine & Schleicher, 2011; Wang, Coleman, Coley, & Phelps, 2003).5  
Analytical Framework 
The previous sections set the context for this study, which includes decidedly mediocre 
student achievement in mathematics and science, open questions around teacher preparation and 
knowledge, and teachers’ sense of unpreparedness for practice. The next sections discuss the 
empirical and theoretical framework for this study. Particular attention is paid to issues of 
teacher quality, teacher education, and teacher knowledge, as well as how they are related. The 
literature cited is generally peer-reviewed, empirical, and from the U.S. In light of the sheer 
amount of research addressing these topics, the literature review is intended to be comprehensive 
(but necessarily not exhaustive) and balanced. In general, mathematics has received more 
attention than science (e.g., National Research Council, 2010; Wayne & Youngs, 2003).  
Teacher quality. Researcher-scholars have long studied teaching, with high quality 
reviews by Berliner (1984a), Brophy (1999), Cochran-Smith et al. (2012) and Wayne and 
Youngs (2003), to cite a few. Critically, contemporary educational research affirms that teacher 
quality matters (Darling-Hammond, 1999; Hanushek, Kain, O’Brien & Rivkin, 2005; 
Konstantopoulos & Chung, 2011; Nye, Konstantopoulos, & Hedges, 2004; Rice, 2003; Rivkin, 
                                                 
5 Empirically, Borman and Dowling (2008) found that participation in a school mentoring 
program was associated with decreased levels of attrition (see also Ingersoll & Smith, 2004). 
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Hanushek, & Kain, 2005; Rockoff, 2004; Wright, Horn, & Sanders, 1997).6 Using data from a 
large-scale, randomized controlled trial, Nye et al. (2004, p. 253), for example, demonstrated that 
teacher effects exist and are “substantial” in magnitude.  
Research on teachers has focused largely on the inputs of the system. Indeed, much 
research has been conducted on the “characteristics” that teachers bring to the classroom, 
including their formal educational credentials (e.g., having a subject matter or master’s degree). 
Wayne and Youngs’ (2003) narrative synthesis—which included only studies that accounted for 
prior student achievement and socioeconomic status—suggested five general themes within this 
teacher characteristics literature. The factors were teachers’ higher education institutions’ 
rankings, test scores, course taking, degrees, and certification status. The latter three foci within 
this body of educational research are not surprising in that they mirror the targets of teacher 
education and human capital policies in education. Other relevant findings from Wayne and 
Youngs’ review are discussed later where applicable for this study. 
Teacher education. In the U.S. teacher education is decentralized, that is handled at the 
state level (Grossman & McDonald, 2008; Wang, Coleman, Coley, & Phelps, 2003). Wang et al. 
characterized the teacher education pipeline as “a sequence of policies related to the teacher 
education and development process” (p. 6), ranging from entry into teacher preparation through 
induction through tenure, for instance. Teacher education exists within a larger human capital 
system comprising credentialing/licensure requirements, hiring and tenure practices, 
compensation structures, and labor market dynamics (Grossman & McDonald, 2008; Wang, 
Coleman, Coley, & Phelps, 2003). While this section discusses teacher education, a treatment of 
teacher knowledge (a natural target of teacher education) is given in a subsequent section. 
                                                 
6 Cochran-Smith et al. (2012) argued that conceptions of and conclusions about teacher quality 
are sometimes black-box and often conditional in nature. 
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 Theoretically, teacher preparation or development mechanisms enhance teacher quality—
through changes in teacher knowledge, skills, attitudes, and beliefs and as manifest in their 
instructional practice—which in turns improves student achievement (e.g., Desimone, 2009; 
Diez, 2010). There are three distinct, institutionalized mechanisms by which to enhance the 
quality of U.S. teachers: preservice education, induction and inservice teacher education. In what 
follows, I discuss in some detail two components of teacher education germane for this study, i.e., 
initial teacher preparation and professional development. 
 Initial teacher preparation. There is a prodigious amount of literature on teacher 
education (Borko & Putnam, 1996; Cochran-Smith, 2008), with quality reviews by Allen (2003), 
Darling-Hammond and Youngs (2002), National Research Council (2010), Wilson et al. (2001). 
This review focuses on teacher preparation in traditional, higher education institution-based 
programs only. Teacher preparation, in theory, serves to promote the knowledge and skills 
teachers need to effect (some) change in students (Diez, 2010). In the U.S., teacher preparation is 
highly differentiated by school level, subject area and specialization. Among traditional 
programs, the “typical” pathways to becoming a teacher, depending on the subject/level, are an 
undergraduate major in education; dual undergraduate degrees in a subject area and in education; 
an undergraduate major in a subject matter area with a minor in education; or an undergraduate 
major in a subject area and a master’s degree in education. 
Two points about teacher preparation for secondary education are worth noting. First, 
some teacher education institutions require that mathematics and science education majors also 
complete a major in a subject area (e.g., mathematics). For example, Boston College’s 
mathematics education or science education majors at the secondary level also require students 
to have a major in the respective field of either mathematics or science. However, simple 
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inspection of the respective TIMSS 2011 joint distributions for having a mathematics education 
or science education major on the one hand, and a major/minor in mathematics or science on the 
other suggest that this requirement is not typical. Second, in teacher preparation programs in 
some institutions of higher education (e.g., Northern Illinois University), secondary education 
majors are housed within colleges external to the college of education (mathematics department 
or science department), reflecting emphasis on the content aspect of their preparation.  
 In the United States, there are about 1,500 public and private institutions with preservice 
teacher education programs (Wang, Coleman, Coley, & Phelps, 2003). Such programs vary 
considerably along myriad dimensions (see Zeichner & Conklin, 2008), with some 
differentiation being a function of state-level requirements as discussed next. 
Policy influences on preservice teacher education. Teacher preparation programs within 
schools of education are currently subject to regulation by external entities, with most regulation 
coming from the state level, although their level of involvement varies (Center for American 
Progress, 2010; Eduventures, 2008; Grossman & McDonald, 2008). For example, states 
determine the certification requirements for graduating teachers and specific criteria for meeting 
No Child Left Behind’s “highly qualified” teacher provision (Eduventures, 2008). Importantly, 
Darling-Hammond (1999) found in her narrative review that “policies adopted by states 
regarding teacher education, licensing, hiring, and professional development may make an 
important difference in the qualifications and capacities that teachers bring to their work” (p. 4). 
At the federal level, there are two major policy influences on teacher education. The first 
major federal influence on teacher education is Title II of the Higher Education Act (reauthorized 
in 2008 as the Higher Education Opportunity Act), which, according to Cochran-Smith (2005) 
signaled a “new teacher education.” This legislation mandated reporting requirements in teacher 
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education, viz. the reporting of teacher candidate pass rates on teacher licensure tests. The 
second federal policy with implications for teacher preparation is Title II of the No Child Left 
Behind Act of 2001, “Preparing, Training, and Recruiting High-Quality Teachers and Principals,” 
which has the goal of improving student achievement through teacher and principal quality. This 
legislation introduced the definition of a “highly qualified” teacher, as noted earlier, and provides 
funding for teacher and principal training and recruitment. Both the Higher Education Act and 
the No Child Left Behind Act of 2001 also provide funding for the recruitment and training of 
teachers in areas with shortages (Sykes & Dibner, 2009).  
The federal role in teacher education has increased considerably in the last decade and is 
evolving, particularly with respect to accountability (Cochran-Smith, 2005; National Research 
Council, 2012; Sykes & Dibner, 2009; Sykes et al., 2010), which to some extent reflects 
increased accountability in higher education more broadly (Cochran-Smith, 2008; Ludlow et al., 
2010; Sykes & Dibner, 2009). Teacher preparation institutions are also required to report to 
accreditation agencies, for example, the National Council for the Accreditation of Teacher 
Education (Cochran-Smith, 2009).  
The outcomes of teacher preparation. Recently, much attention has been paid to the 
outcomes of initial teacher preparation, particularly student achievement (Cochran-Smith, 2005; 
Levine, 2006). There is also increased political and practical emphasis on the use of data on 
teacher effectiveness to evaluate and improve teacher preparation programs (Floden, 2012; 
Henry, Kershaw, Zulli, & Smith, 2012; Plecki, Elfers, & Nakamura, 2012). In theory, teacher 
education programs impact teacher candidate learning, teacher graduates then practice what they 
learned in teacher preparation in P-12 settings, and finally these practices affect P-12 student 
learning (Diez, 2010). In addition to enhancing student learning, other ancillary outcomes of 
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teacher education include a social justice orientation and teacher retention. Cochran-Smith et al. 
(2012) provide a comprehensive list of the outcomes of teacher preparation, which includes the 
outcome of interest for this study: teachers’ sense of preparedness. 
 There is a paucity of research, however, on the outcomes of teacher preparation 
(Cochran-Smith et al., 2012; Diez, 2010). As, Noell and Burns (2012), stated recently: 
Although contributing to student achievement is a hallmark of teaching, an inadequate 
literature base exists directly linking…how teachers are prepared and even whether 
teacher education matters (p. 312). 
Boyd et al., (2009) and Gansle et al. (2012) reported respective evidence that there is variability 
in teacher effectiveness across teacher preparation programs across New York City and North 
Carolina, which implies that teacher preparation matters. On the other hand, Rivkin, Hanushek 
and Kain (2005) found that teacher education (at least as measured in their study) explained little 
of teacher effects. This nascent evidence notwithstanding, there exist various calls that more 
research on teacher preparation is needed (Darling-Hammond & Youngs, 2002; Greenberg & 
Walsh, 2008; Levine, 2006; National Research Council, 2010; Wilson et al., 2001). 
Teacher preparation in mathematics. With some exception, the U.S. education system is 
generally organized into elementary, middle, and high schools; secondary school ordinarily 
comprises both middle and high schools. This structure reflects developmental differences in 
students as well as differences in the nature and rigor of the subject matter content. Ostensibly, 
these differences necessitate the differentiation of teacher preparation as well. In the U.S., 
elementary teachers usually teach all disciplinary areas, whereas secondary teachers serve as 
subject matter specialists, given the developmental level of the pupils and the rigor of the 
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material7 (National Research Council, 2010). In terms of the disciplinary differences by school 
level, the National Research Council (2010) states that, 
An…obvious difference between the requirements for elementary teachers and high 
school teachers is that teaching older students carries a greater demand for both technical 
skills and abstract reasoning (p. 113). 
While elementary teachers are not expected to be expert in a particular subject area per se, the 
National Research Council did argue for the importance of so-called “horizon knowledge” of 
mathematics (i.e., knowledge of the structure of the discipline and where students are headed in 
later grades), in addition to knowledge of the mathematics curriculum, for elementary teachers. 
In the U.S., concerns have been raised in the literature regarding the mathematics 
preparation of teachers, particularly teachers of the early and middle grades (i.e., teachers of 
kindergarten through eighth grade). With respect to teacher education, the National Research 
Council (2012) contended that 
Because elementary teachers teach several subjects, it will be especially important to 
consider how best to meet their combined needs through teacher preparation, early career 
induction support, and ongoing professional development (p. 261). 
At the secondary level too there are concerns about the teaching of mathematics, although they 
are of a different nature. Specifically, the phenomenon of out-of-field teaching is not uncommon 
at the secondary level due to shortages of teachers trained in mathematics (e.g., American 
Council on Education, Presidents' Task Force on Teacher Education, 1999; Greenberg & Walsh, 
2008; National Research Council, 2010). Detailed discussion of the knowledge called for by the 
mathematics teacher is presented in a subsequent section. 
                                                 
7 The National Research Council (2010) notes that middle schools vary in terms of teacher 
preparation requirements. 
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Teacher preparation in science. Science teacher preparation has received less attention 
than teacher preparation in mathematics and more research is needed in this subject, both in 
terms of initial teacher preparation as well as professional development (National Research 
Council, 2010). As with mathematics, initial teacher preparation in science is also differentiated 
in accord with the K-12 school structure (i.e., elementary and secondary schools). With respect 
to differences by school level, Davis et al. (2006) point out that:  
‘Science teacher’ typically connotes a secondary teacher of, say, biology, chemistry, or 
physics. But new elementary teachers may face even greater challenges in teaching 
science than do their secondary counterparts, since they typically teach multiple subjects, 
including all areas of science (p. 608). 
Relative to what is required to teach modern science education content standards, the 
National Research Council (2012) reported that state licensure requirements as well as the 
content of licensure tests are “probably” inadequate for middle school teachers, and more likely 
inadequate for elementary school teachers. At this writing, there is nevertheless limited evidence 
on teacher preparation in science and instead the conclusions are more logical than empirical. In 
particular, the National Research Council (2010) stated, “data are needed on the nature and 
content of the coursework and other experiences that currently constitute teacher preparation in 
science” (p. 151). This study investigated research questions around the relationship between 
teachers’ pre-service preparation for teaching mathematics and science, namely coursework 
intended to support content knowledge and pedagogical content knowledge, and students’ 
achievement in those subjects.  
Teacher professional development. Teacher professional development (PD), sometimes 
called in-service education (or continuing professional development internationally) is defined 
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here as professionally relevant learning opportunities intended for practicing teachers. The 
National Staff Development Council defines PD as “a comprehensive, sustained, and intensive 
approach to improving teachers’… effectiveness in raising student achievement” (Hirsh, 2009, p. 
12). Long ago, Allen (1940) wrote that preservice teacher education is necessarily insufficient, 
thus the teaching profession warrants PD. Both internationally and in the U.S., many consider 
teacher PD to be an important lever by which to improve teacher quality (e.g., Wei, Darling-
Hammond, & Adamson, 2010). Echoing Allen’s prescient sentiments, others argue that PD is 
essential in the era of standards-based reform (Borko, 2004; Darling-Hammond & McLaughlin, 
1995; Garet et al., 2001; Kardos & Moore-Johnson, 2007; Kauffman et al., 2002; National 
Research Council, 2010, 2012; O’Day & Smith, 1993; U.S. Department of Education, 2011; Wei, 
Darling-Hammond, & Adamson, 2010; Wilson & Berne, 1999). 
 In addition, since research emerges over time (Ball & Bass, 2000; Shulman, 1987), PD 
provides a needed mechanism by which teachers can keep abreast of research occurring after 
they received their pre-service teacher education (Berliner, 1984b; Nir & Bogler, 2008). 
Professional organizations appear to agree, as the National Council for Teachers of Mathematics 
stated, “Teachers must be supported with ample opportunities and resources to enhance and 
refresh their knowledge” (n.d., p. 2). Furthermore, Zucker (2008) notes: “There are no serious 
school improvement programs or practices that do not include teacher professional development 
as one vital component” (p. 132); the implementation of the Common Core State Standards are a 
recent example. In the U.S., professional development is largely controlled at the level of schools 
and districts.  
Professional development is ubiquitous in the education literature, with various high 
quality reviews on the subject (e.g., Borko, 2004; Timperley, 2008; Timperley & Alton-Lee, 
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2008; Wilson & Berne 1999). Desimone’s (2009) conceptual framework for professional 
development impact studies highlights the processes and outcomes often implicit in the theory of 
action undergirding professional development. Her conceptual model contends that: professional 
development activities change participants’ knowledge and skills and/or attitudes or beliefs; 
participants implement the new knowledge, skills, attitudes or beliefs to improve classroom 
practice; and this instructional change in turn fosters increased student achievement. During 
professional development impact studies, Desimone recommends measuring these intermediate 
and ultimate outcomes, and also advises identifying variables that mediate and moderate such 
effects. Guskey (1999) and Kirkpatrick (1994) offered similar frameworks. 
Research on the effectiveness of professional development is equivocal in general 
(Whitehurst, 2002, March). However, there is research supporting the claim that PD can effect 
change in teacher knowledge and classroom practice in both mathematics and science (Dash, de 
Kramer, O’Dwyer, Masters, & Russell, 2012; Garet et al., 2001; Grigg, Kelly, Gamoran, & 
Borman, 2012; Wallace, 2009), and student achievement though often to a lesser degree (Blank 
& de las Alas, 2009; Wallace, 2009). Desimone (2009) reviewed a large body of evidence 
suggesting that, given the right conditions, teacher PD should be effective. 
Prior research showed that the most effective professional development is characterized 
by an extended duration (Blank, de las Alas, & Smith, 2008; Garet et al., 2001), opportunities for 
active learning (Desimone et al., 2002; Garet et al., 2001; Garet et al. 1999; Ingvarson, Meiers, & 
Beavis, 2005); and coherence and the collective participation of teachers from the same 
district/school (Garet et al., 1999; Garet et al., 2001). Particularly relevant for this study is that 
content-focused PD has been shown to be the most effective (Blank, de las Alas, & Smith, 2008; 
Garet et al., 1999; Ingvarson et al. 2005). For example, Cohen and Hill (2000) found that 
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content-focused PD was advantageous for student achievement relative to general (non-content-
focused) PD (e.g., cooperative learning) in the context of curriculum reform. 
While Desimone’s (2009) review concluded the value of content-focused PD, it is also 
worth noting that there is some support for practice-focused PD in the context of a particular 
subject matter area (i.e., pedagogical content knowledge), in terms of both student achievement 
and classroom practice (Blank & de las Alas, 2009; Desimone et al., 2002). Self-reported 
evidence from teachers also suggested that PD in general, and content-focused PD in particular, 
made teachers more prepared to teach that subject (National Center for Education Statistics, 1999, 
2000). In terms of differences by school level, Blank and de las Alas (2009) concluded from their 
narrative review and meta-analysis that PD has stronger effects in elementary than in middle or 
high school. 
Professional development in the U.S. is diverse in form (Allen, 1940; Kennedy, 2005; 
Wei, Darling-Hammond, & Adamson, 2010). Moreover, ordinary PD does not generally embody 
the research-based principles of effective PD because of various constraints. PD necessitates the 
considerable investment of resources by school districts, for example (Killeen et al., 2002). 
Providing PD that is ongoing – one mark of effectiveness (for example, Garet et al., 2001; 
Desimone 2009) – is even more resource-intensive. It is not uncommon, then, for schools and 
districts to opt for “much-maligned one-day workshops or lectures” (Sawchuck, 2010, para. 6). 
Traditional, face-to-face PD sometimes also lacks follow-through and feedback on the 
implementation of learned content (Ingvarson et al., 2005). In addition, mandatory, school-based 
PD workshops that teachers may or may not find relevant to their needs compound teachers’ 
already busy schedules and time constraints (Corcoran, 1995; Dede, 2006). Finally, the capacity 
or resources required to provide efficacious in-service training might not even exist locally, 
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particularly for isolated teachers in rural, high-needs areas (National Staff Development Council, 
2001, Dede et al., 2009). These concerns have prompted a proliferation of online professional 
development options for teachers (Reeves & Pedulla, 2011, 2013); research suggests that, on the 
whole, teachers are technologically ready for such learning opportunities (Reeves & Li, 2012).  
While there has been some progress in delivering high quality PD opportunities, in 
general and in the content areas, the literature suggests that such opportunities are distributed 
inequitably (Desimone, Smith, & Ueno, 2006; Wei, Darling-Hammond, Adamson, 2010). 
Desimone and colleagues, for instance, used survey data from the National Assessment of 
Educational Progress and showed that sustained, content-focused PD was more likely to go to 
teachers with higher mathematics preparation; thus the benefits of effective PD are more likely to 
accrue to teachers who work in schools with more advantaged students. This finding about PD 
parallels research showing that socioeconomically advantaged students are more likely to have 
access to a teacher with a high degree of mathematics or science content preparation (Monk & 
Rice, 1997). Conversely, Wei, Darling-Hammond and Adamson, (2010) reported less 
opportunity for PD among U.S. mathematics teachers who might most benefit from it (e.g., 
teachers in rural schools and schools with large shares of disadvantaged students). 
Given the ubiquity of professional development in teacher education and its argued role 
in the era of standards-based reform for both mathematics and science teachers (e.g., National 
Research Council, 2010, 2012; Schneider & Plasman, 2011), this study addressed several 
research questions around PD. First, it asks whether teacher PD in subject-specific knowledge 
and pedagogy/instruction relate to student achievement in mathematics and science. It is worth 
pointing out that a quality science education literature review by Davis, Petish, and Smithey 
(2006) indicated that early career teachers in science need both content- and pedagogically-
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focused PD. 
In accord with one of Desimone’s (2009) recommendations cited earlier, to examine the 
moderators of teacher PD effects, and beginning teachers’ sense of unpreparedness for practice, 
this study investigated the interaction between teaching experience and participation in each of 
these two forms of PD. In other words, it asks whether the relationship between PD and student 
achievement varies by the amount of experience teachers have.  
Teacher knowledge. One logical focus of teacher preparation is teacher knowledge, 
which is grounded in the assumption that knowledge and mental structures theoretically serve as 
a source for teachers’ pedagogical behavior (Borko & Putnam, 1996). In 1987, Shulman offered 
a framework for understanding the various forms of teacher professional knowledge; among 
them were content knowledge, general pedagogical knowledge, and pedagogical content 
knowledge. Earlier I offered the following general definitions for these types of knowledge: 
pedagogical knowledge is knowledge of how to teach in general; content knowledge is 
knowledge of a particular discipline, or subject matter area (e.g., mathematics); and pedagogical 
content knowledge is knowledge of how to teach the content of a particular discipline, or 
subject matter area (e.g., English/language arts) (Shulman, 1987). Other types of knowledge 
named in Shulman’s framework include knowledge of learners and their characteristics and 
curriculum knowledge, which are not given treatment here. 
While the present study featured only content knowledge and pedagogical content 
knowledge, Wilson et al.’s (2001) review of the teacher preparation literature also indicated the 
value of general pedagogical knowledge (e.g., subject matter general instructional methods, 
theories of learning and classroom management). Cochran-Smith (2005) also noted that 
pedagogical knowledge is reflected in the curricula of teacher preparation programs and state-
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level expectations for teachers. Aside from learned knowledge, research also shows that new 
teachers in particular rely heavily on the curriculum (e.g., National Research Council, 2010). 
The knowledge needed for effective teaching is hotly debated (Cochran-Smith, 2008). 
Scholars and others have advanced several hypotheses about how to produce effective teachers, 
which reflect different assumptions about the value of particular types of knowledge and have 
differing implications for the curricula of teacher preparation programs. Kennedy, Ahn, and Choi 
(2008) summarized several of these positions, which they refer to as the pedagogical knowledge, 
content knowledge, pedagogical content knowledge, and bright, well-educated people 
hypotheses. While not mutually exclusive, the former three hypotheses in particular reflect the 
need to emphasize particular types of knowledge during teacher preparation. The fourth, the 
bright, well-educated people hypothesis, more concerns who is recruited into the teaching 
profession.8 
In Cochran-Smith’s (2005) description of the “new teacher education,” she pointed out 
that the prevailing emphasis of teacher education policy (specifically No Child Left Behind’s 
notion of “highly qualified” teachers”) is content knowledge. She argued that such policies 
discount the importance of pedagogical knowledge. She wrote, 
Even inside the worlds of university-based teacher preparation and state-level program 
approval, where pedagogy and classroom practice remain essential indicators of teachers’ 
readiness to teach, there is growing faith— at least on the surface—that general 
knowledge of the liberal arts and sciences, coupled with more specific knowledge in the 
subject fields to be taught, is the magic bullet needed to improve teacher preparation… 
Although the way this tension is playing out within the context of high-stakes 
                                                 
8 This hypothesis was outside the bounds of this study. 
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accountability is new, the tension between subject matter knowledge and pedagogy has a 
very long history in teacher education (p. xii). 
Kennedy, Ahn, and Choi (2008) attempted to shed empirical light on the debates around what 
constitutes effective teaching knowledge in mathematics. The authors operationalized different 
types of knowledge preparation as follows: education courses represented (general) pedagogical 
knowledge, mathematics courses represented content knowledge, and mathematics education 
courses represented pedagogical content knowledge. The evidence presented by the authors 
suggested that courses to promote all three forms of knowledge show promise for augmenting 
teacher effectiveness. For reading, mathematics, and science, the National Research Council 
(2010) also concluded that teachers need both content knowledge—conceptual and factual 
knowledge—and pedagogical content knowledge—understanding of learning in a particular 
domain.  
Despite such empirical evidence, Wilson et al.’s (2001) review called for additional 
research on teacher knowledge; and specifically “Studies that compare the relative importance of 
specific parts of teacher preparation could be useful to those designing and revising teacher 
education programs” (p. iv). This study investigated the new teacher preparedness problem from 
the perspective of knowledge preparation. In the sections that follow, discussion is focused on 
two forms of teacher knowledge in particular, content knowledge and pedagogical content 
knowledge. 
Content knowledge. Conceptually, teacher content knowledge is defined here as a 
teacher’s knowledge of a particular discipline, or subject matter area (e.g., mathematics). Wayne 
and Youngs’ (2003) article referenced earlier shed summative light on the value of teacher 
content knowledge in the subject areas. Their review was notably rigorous in that its corpus 
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comprised only studies that accounted for prior student achievement and socioeconomic status. 
In general, research studies on teacher content knowledge have focused on either the degrees 
held by teachers or the coursework they have completed. Despite some internal validity threats in 
the reviewed studies, Wayne and Youngs ultimately concluded from their review of the literature 
that 10th and 12th grade students learned more in mathematics from teachers with a bachelor’s or 
master’s degree in that subject. Others have drawn similar conclusions with respect to both 
mathematics and science (e.g., Goldhaber & Brewer, 1996; Whitehurst, 2002, March). 
 Leinhardt and Greeno (1986) proposed that teaching skill requires: 
Two fundamental systems of knowledge, lesson structure and subject matter. The first is 
the knowledge required to construct and conduct a lesson. This knowledge is supported 
and partially controlled by significant knowledge of subject matter (the second area of 
knowledge) and is constrained by the unique circumstance or set of students (Leinhardt & 
Smith, 1985). The second is the knowledge of the content to be taught. Subject matter 
knowledge supports lesson structure knowledge in that it is accessed and used during the 
course of a mathematics lesson. Subject matter knowledge constrains lesson structures in 
that different types of content need to be taught differently. At one level, this is the 
expected difference between teaching math or another subject (p. 75).  
Despite the noted importance of content knowledge, particularly in mathematics and 
science, the prevalence of “out-of-field” teaching at the secondary level in the U.S. is well 
documented, though it varies across grades/subjects in its prevalence.9 While states differ in how 
they identify “out-of-field” teaching, research supports the hypothesis that out-of-field teaching 
has negative consequences for student achievement (Ingersoll, 1999; National Research Council, 
                                                 
9 The U.S. Department of Education (1994) conceived in-field teaching as inclusive of having 
both a certification in one’s subject area and a major or minor in that subject. 
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2010; U.S. Department of Education, 1994, 2002, 2004). Ingersoll (1999) contended that 
teaching out-of-field is tantamount to being unqualified. In what follows, I review the research 
on teacher content knowledge in the disciplines of mathematics and science. 
Content knowledge in mathematics. Particularly for mathematics at the secondary level, 
research supports the idea that teacher content knowledge relates to student achievement in the 
respective subject. These studies sometimes focused on whether teachers had degrees in 
mathematics (be it a Bachelor’s or a Master’s), with degree attainment in that subject as a proxy 
indicator for teacher content knowledge (Goldhaber & Brewer, 2000; National Research Council, 
2010; Whitehurst, 2002, March). For example, Kennedy, Ahn, and Choi (2008) found a negative 
effect of advanced degrees in education, but a positive effect of mathematics advanced degrees. 
Other research within secondary mathematics education also consistently showed a relationship 
between student mathematics achievement and secondary educators’ coursework in mathematics 
(Floden & Maniketti, 2005; Goldhaber & Brewer 1996, 2000; Monk, 1994; Monk & King, 1994; 
Rowan, Chiang, & Miller, 1997; Wilson, Floden, & Ferrini-Mundy, 2001).  
 Monk (1994) also found for mathematics (and science as discussed later), that the 
relationship between teacher content knowledge (as indicated by mathematics course taking) and 
achievement was more pronounced in the context of advanced rather than remedial courses. It is 
theoretically possible that the greater sophistication of the content covered with more advanced 
or older students might necessitate higher levels of teacher in-field subject matter expertise (e.g. 
Monk, 1994). The “effects” of content knowledge on student achievement, if any, may then vary 
in terms of the difficulty of the material or depth of knowledge required by teachers (Monk, 
1994). 
While the import of content knowledge is best established at the high school level, the 
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research on teacher content knowledge also includes other school/grade levels. In an econometric 
study, Harris and Sass (2011) utilized Florida public school data for mathematics in grades three 
through ten. Interestingly, middle school mathematics was the only subject/level where pre-
service subject matter training effects were observed. At the elementary level, Croninger, Rice, 
Rathbun and Nishio (2007) in contrast found that mathematics coursework for elementary 
educators was positively related to student achievement; the authors studied coursework rather 
than degrees because most elementary teachers major in elementary education (Rowan, Correnti, 
& Miller, 2002).  
Not all findings indicate a positive effect of mathematics content knowledge on student 
achievement, however. Rowan, Correnti and Miller (2002), for instance, found a negative effect 
of an advanced degree in mathematics. To explicate their finding on methodological grounds, 
they note that the results might reflect selection bias. Alternatively, they contended that 
The other possibility is that this is a real effect, and that advanced academic preparation is 
actually negatively related to students’ growth in achievement in elementary schools. 
Such an interpretation makes sense only if one assumes that advanced academic training 
somehow interferes with effective teaching, either because it substitutes for pedagogical 
training in people’s professional preparation, or because it produces teachers who 
somehow cannot simplify and clarify their advanced understanding of mathematics for 
elementary school students (p. 14). 
Nevertheless, the bulk of the evidence suggests that teacher content knowledge in mathematics is 
advantageous for student achievement.  
Given the wealth of empirical evidence and theoretical rationales for the role of teacher 
content knowledge, there are unsurprising calls to support the mathematics content knowledge of 
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teachers (e.g., National Research Council, 2010). Greenberg and Walsh (2008), under the 
auspices of the National Council for Teacher Quality, recommended at least three mathematics 
content courses for all pre-service teachers (as well as one “mathematics methods” course 
presumably aimed at fostering pedagogical content knowledge). Further, they noted that 
mathematics methods courses for elementary teachers are light on mathematics content in 
general, so one cannot assume that teachers acquire content knowledge in that context. 
More recently, Boyd et al. (2009) reported evidence that suggests some nuance to the 
relationship between student achievement and teacher content knowledge in mathematics. The 
authors examined teachers during their first two years and linked their students’ achievement to 
the characteristics of the teachers’ pre-service preparation experiences. For fourth through eighth 
grade mathematics, the authors generally found that teacher preparation activities focused on 
practice were positively related to teacher value-added scores in the first year of teaching. In 
their data, practice-related activities included a capstone project, studying curricula, supervised 
student teaching, and opportunities to practice teaching activities (e.g., planning a lesson, and 
analyzing student work). In contrast, it was mathematics coursework—a proxy for content 
knowledge—that differentiated teachers in the second year of teaching in terms of their students’ 
mathematics achievement. In effect, these findings suggest that content knowledge does not 
matter during the first year of teaching.10  
However, other studies point to different conclusions around the timing of the 
relationship between teacher content knowledge and student achievement in mathematics. 
Kukla-Acevedo (2009) studied fifth grade mathematics and found that content knowledge (the 
                                                 
10 This finding also comports with some research showing “delayed” effects of training in 
specific teaching methods in the context of teaching writing (Grossman, Valencia, Evans, 
Thompson, Martin, & Place, 2000). 
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number of mathematics content courses as well as grade point average specific to these courses) 
was related to student achievement initially and also that its effects increase as teachers gain 
experience. Both Boyd et al. (2009) and Kukla-Acevedo (2009) point to an increasing role of 
content knowledge as teachers gain experience (at least within the first couple of years). On the 
other hand, Rowan, Chiang, and Miller (1997) and Monk (1994) found that content knowledge 
effects diminish over time. It could be, as Monk (1994) hypothesized, that the effects of content 
knowledge decrease as time elapses since the acquisition of that content knowledge. 
Alternatively, pedagogical practice might improve over time, and eventually overwhelm any 
direct effects of content knowledge on student achievement. 
These inconsistent findings beg examination of differences in these studies’ data sources 
in order to understand why the findings diverge. First, while the Boyd et al. and Kukla-Acevedo 
studies featured “local” samples—respectively conducted in New York City and a district in 
Kentucky—the Rowan et al. (1997) and Monk (1994) studies used nationally representative data. 
It is possible that the local populations are unique, though I do not here offer speculation as to 
how. Second, these studies can be distinguished with respect to the grades they studied, though 
there is some overlap, specifically in fifth grade mathematics. Given outstanding uncertainty 
around reasons for the observed differences, with this study I sought to elucidate further the role 
of teacher content knowledge in mathematics as it interacts with teaching experience; and if and 
how this interactive relationship differs across grade levels. Replication is a tenet of science and 
Boyd et al. (2009), among others, call for additional research on (mathematics) teacher 
preparation. 
Content knowledge in science. While science has largely been left out of the teacher 
content knowledge conversation compared to mathematics (Wayne & Youngs, 2003), findings 
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from some literature parallel those seen in mathematics. Like with mathematics, these data also 
suggest an important role of teacher content knowledge in science, again with the most evidence 
at the high school level (Goldhaber & Brewer, 1996; Whitehurst, 2002, March). Generally 
speaking, these studies also operationalized content knowledge as either teacher degrees or 
course taking in the subject. For example, Goldhaber and Brewer (1996) found benefits of both a 
Bachelor’s and Master’s degree in science.11 The same study mentioned earlier by Monk (1994) 
also found that the number of courses taken in science was associated with higher student 
achievement in that domain. It is not surprising that the National Science Education Standards 
reflect the importance teacher content knowledge in science (National Research Council, 1996). 
To be fair, Wayne and Youngs’ (2003) review concluded that there is not sufficient evidence (i.e., 
not enough studies) to support a claim about the importance of science content knowledge. 
While their corpus of studies on science showed mixed results, their study inclusion criteria were 
restrictive (i.e., Goldhaber & Brewer; 1996, 2000; Monk & King, 1994). Further, there is simply 
more research on teacher education for mathematics than is the case in science.  
 As in mathematics, Monk (1994) found for science that the relationship between teacher 
content knowledge (course taking) and achievement was more pronounced in the context of 
advanced rather than remedial courses. As mentioned earlier, the effects of content knowledge 
on student achievement, if any, may vary in terms of the difficulty of the material or depth of 
knowledge required (Monk, 1994). Interestingly, Monk also found differences in terms of 
teacher coursework in the life (i.e., Biology) versus the physical sciences (i.e., Physics, 
Chemistry and Earth Science); effects on omnibus measures of science achievement favored the 
                                                 
11 Goldhaber and Brewer (1996) noted that any degrees could possibly capture general cognitive 
ability but an ancillary analysis did not support this hypothesis; the authors did not find effects 
for English and history that mirror those seen for mathematics and science.  
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latter, but the findings were mixed when considering both graduate and undergraduate 
coursework in these disciplines.  
Monk (1994) also examined the interaction of class titles (as a proxy for curricular 
emphasis) and particular science degrees (i.e., life science, and physical science). The author 
found mixed support for the hypothesis that content knowledge is more beneficial when teachers’ 
degrees align with the curricular emphasis. Monk (1994) found that mathematics content 
knowledge supports science achievement and also that mathematics and science preparation 
interact with good results (Monk, 1994).12 Finally, and most relevant to this study, Monk (1994) 
found that that the relationship between science teacher content knowledge and student 
achievement, too, diminish over a teacher’s career. To the best of the author’s knowledge, no 
other research has demonstrated an interactive relationship between teacher content knowledge 
in science, teaching experience, and student achievement. 
For fourth and eighth grade mathematics and science, the present study investigated 
whether student achievement is higher among teachers with degrees in these subjects. Training in 
these fields of study (be it through an undergraduate major or a minor, this study’s operational 
definitions for content knowledge) represents an educational pathway that would to varying 
degrees position teachers for in-field teaching at the secondary level (Ingersoll, 1999). Wilson et 
al.’s (2001) review called for additional research on specific parts of teacher preparation and 
their relationship to student achievement, including subject matter preparation. This analysis is 
intended to reconcile the divergent findings of Monk (1994), Boyd et al. (2009) and others cited 
earlier, and shed additional light on this question in science. 
                                                 
12 Because this study’s coarse operational definitions of teacher mathematics and science content 
knowledge (described later), the relationship between teacher content knowledge in mathematics 
and student science achievement, and the relationship between teacher content knowledge in 
science and student mathematics achievement, cannot be investigated.  
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The diversity of science majors/minors for secondary teachers (e.g., biology), the 
findings of Monk (1994), and the often-conditional findings of educational research, beg the 
question of whether a specific science degree (and thus a particular type of content knowledge) 
might be particularly beneficial when it matches the course curricular emphasis. Hence for eighth 
grade science, this study took a more nuanced view on the phenomenon by examining particular 
science degrees (e.g., Biology) both in general and as they interact with particular curricular 
emphases (e.g., Biology). For eighth grade science then, this study investigated the importance of 
content knowledge by looking at the joint effect of a particular science degree (e.g., Biology) and 
a particular curricular emphasis (e.g., Biology). Theoretically, a teacher’s subject matter 
background in a particular (and more relevant) science domain might better translate to improved 
pedagogy and increased student achievement. Wayne and Youngs (2003) called for such fine-
grained analyses in science education.13 
 The present study is timely in light of contemporary proposals for advancing the teaching 
profession (e.g., U.S. Department of Education, 2010c). Indeed, some have proposed the 
recruitment of “second career” teachers and midcareer professionals, with particular types of 
expertise (e.g., mathematics and science). Some evidence indicates that some with college 
degrees would switch to teaching for intrinsic reasons (e.g., working with children, and giving 
back to the community), however perceptions of pay are negative (e.g., Hart, 2008; Haselkorn & 
Hammerness, 2008). With respect to mathematics and science in particular, the American 
Council on Education, Presidents’ Task Force on Teacher Education (1999) stated that, 
                                                 
13 Due to data limitations, this study was unable to investigate the interaction of teacher degrees 
in mathematics and science (as proxies for content knowledge in those subjects) and teaching 
experience. 
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Competing wage prospects drive shortages in the sciences. College graduates with 
degrees in mathematics, chemistry, physics, or computer science earn considerably more 
than education majors (NCES, 1997b). As a result, secondary school students in 
mathematics and science classes are much less likely to have teachers with sufficient 
subject preparation than are those in other subject matter classes…We are neither 
attracting nor retaining the most talented Americans in the teaching profession. Even with 
encouraging improvements in their test scores, America's most able young people 
generally are not going into teaching. (Dillon 2007) And many of America's most 
talented teachers leave for other professions. (Boyd 2008)” (p. 13). 
Some of these individuals assumedly have foregone an otherwise satisfying career in teaching 
for other professions. There is also the possibility that as individuals who intend to be teachers 
gain subject matter expertise, they are “scooped” by other fields.  
Pedagogical content knowledge. In this next section, I discuss pedagogical content 
knowledge (PCK) in general, as well as in the domains of mathematics education and science 
education. First introduced by Shulman (1987), PCK pertains to knowledge of how to teach a 
particular subject. The concept emerged from the recognition that learning and instruction are to 
some extent domain specific (Baumert et al., 2010). While Borko and Putnam (1996) described 
content knowledge as knowledge of the discipline, they described PCK as knowledge about the 
discipline (and how to teach it). The National Research Council (2010) characterized PCK as 
that knowledge which differentiates teachers from disciplinary experts (e.g., mathematicians). 
Generally speaking, PCK comprises knowledge of (for example): misconceptions; typical 
student errors; prerequisite knowledge; cognitive strategies; content representations; relevant 
learning processes; areas of difficulty; what students find interesting; the nature/structure of 
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expertise in the domain; and perhaps most crucially, the implications for instruction and relevant 
instructional strategies. As discussed in the next two sections, the concept is better fleshed out in 
the research around mathematics teaching than that around science teaching. 
  Myriad scholars have argued that teachers should possess pedagogical content knowledge 
(PCK; Ball, Thames, & Phelps, 2008; Ball, Hill & Bass, 2005; Ball, Lubienski, & Mewborn, 
2001; Borko & Putnam, 1996; Shulman, 1987). Greenberg and Walsh (2009) pointed out how 
knowledge from mathematics education courses (i.e., PCK) might even better serve to prepare 
teachers than content knowledge—particularly for elementary teachers given the level of 
mathematics knowledge required for teaching in that context. Borko and Putnam (1996) 
similarly discussed the need for teachers to acquire both content knowledge and PCK. The 
authors noted that new teachers, and even some experienced teachers, lack the requisite PCK 
called for by teaching. Given the potential role of both content knowledge and PCK, this study 
considered both of these types of knowledge concomitantly. Research discussed later also 
suggested that content knowledge may be necessary for the development of PCK.  
Pedagogical content knowledge in mathematics. Of all subject areas, pedagogical content 
knowledge (PCK) for teaching mathematics has received the most attention. In the context of 
mathematics, however, the term “mathematical knowledge for teaching” is synonymous with and 
has supplanted the term PCK—at least in the academy. Ball and Bass (2000) elaborated on the 
nature of mathematical knowledge for teaching, noting that it involves “representations of 
particular topics and how students tend to interpret and use them, for example, or ideas of 
procedures with which students often have difficulty” (p. 87). Further, it is a “special form of 
knowledge that bundles mathematical knowledge with knowledge of learners, learning, and 
pedagogy” (p. 88). Ball, Thames and Phelps (2008) concede that there is certainly room for 
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improvement in teachers’ mathematical knowledge for teaching; although it develops over time 
(Ball & Bass, 2000), it is not something all, and particularly new, teachers should be assumed to 
possess. 
While content knowledge research is commonplace, teachers’ pedagogical content 
knowledge (PCK) is less often the subject of research (Rowan, Correnti, & Miller, 2002). There 
are three main strands of quantitative research on PCK in mathematics; first research on 
mathematical knowledge for teaching using proprietary measures, second research on the value 
of subject-specific pedagogical coursework, and third research in which PCK is operationalized 
in other ways.  
With respect to research on mathematical knowledge for teaching, Ball, Lubienski, and 
Mewborn (2001) conducted a longitudinal study in which they found a positive association 
between a measure of first and third grade teachers’ professional knowledge about teaching 
mathematics to the scores of their students on a well established achievement test. With respect 
to the relationship between content knowledge and pedagogical content knowledge (PCK), Hill 
(2007) found that teachers with more mathematics coursework possessed more knowledge of 
how to teach mathematics; their analysis might suggest then, that content knowledge is a 
prerequisite for the development of PCK.  
Kukla-Acevedo (2009) found that the number of hours in mathematics education 
coursework was also predictive of student achievement in mathematics. Moreover, the author 
found that participation in these courses (as well as one’s grade point average in them 
specifically) interacted with teaching experience such that their effects reduced over time. While 
mathematics education coursework generally includes mathematics content (Laski, Reeves, 
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Ganley, & Mitchell, 2013), Kukla-Acevedo’s study included indicators of content coursework 
that may have served to account for content knowledge in their model.  
In another study, Baumert et al. (2010) found that PCK in secondary mathematics was 
highly correlated with content knowledge, although PCK was more predictive for student 
progress. While their findings suggest that that conceptual understanding of mathematics (i.e., 
content knowledge) is ostensibly not as important as PCK, they note that these two constructs are 
distinct, and that content knowledge is necessary for the development of PCK. Operationalizing 
PCK more simply, Rowan, Correnti, and Miller (2002) found that students of teachers who 
answered a single mathematics PCK test item correctly scored higher in mathematics than their 
counterparts taught by a teacher who incorrectly answered this item. 
Taken together, research findings suggest for mathematics a relationship between student 
achievement and both teacher content knowledge and PCK (which possibly operate differently 
over teachers’ careers). By definition, a mathematics education degree is more pedagogically and 
practice-focused than a degree in mathematics per se, with the former perhaps better preparing 
teachers for practice during the initial phase of his or her career. 
Pedagogical content knowledge in science. The concept of pedagogical content 
knowledge (PCK) in science is less well theorized and researched than is the case in mathematics. 
While literature on the subject is emerging, there remain conceptual/definitional issues and a 
dearth of empirical research (National Research Council, 1996; Park, Jang, Chen & Jung, 2011; 
Schneider & Plasman, 2011). A recent review by Schneider and Plasman (2011) proposed a 
framework for PCK in science. The components of their framework were: orientations to 
teaching science (e.g., the nature of science), student thinking about science (e.g., 
misconceptions), instructional strategies in science (e.g., inquiry), science curriculum (e.g., scope 
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and sequence), and assessment of students’ science learning. Lee and Luft (2008) and Gess-
Newsome (1999) presented similar frameworks for PCK. Schneider and Plasman (2011) have 
taken a developmental perspective on teacher PCK in science using the concept of a learning 
progression.  
 Other literature in science has focused on the concept of PCK in relation to content 
knowledge, pedagogical knowledge, and teaching experience. Scholars wrote that PCK in 
science is an amalgam of general pedagogical knowledge and content knowledge, thus PCK in 
science can also be understood as requiring content knowledge (Van Driel, Verloop, & de Vos, 
1998). However, Lee, Brown, Luft, and Roehrig (2007) point out that a strong science 
background does not guarantee PCK, thus teachers with a science background might still need 
science methods coursework or courses focused on the science classroom experience. Others 
emphasized how PCK in science is a type of knowledge gained through teaching experience and 
the practice of teaching (Gess-Newsome, 1999; Lee, Brown, Luft, & Roehrig, 2007; Lee & Luft, 
2008; National Research Council, 2012), which would then make PCK a blend of both research-
based and experiential knowledge (Gess-Newsome, 1999). Finally, Gess-Newsome argued that 
what constitutes PCK is different for elementary and secondary teachers. 
There is some evidence around the import of PCK in science. In particular, findings 
around subject specific pedagogical coursework and science achievement mirror those seen for 
mathematics. Specifically, Monk (1994) found that courses in science pedagogy, as well as 
courses in science content, were predictive of student achievement. Further, Monk’s findings 
suggest that science pedagogy coursework might matter more than content coursework (as 
suggested by the respective magnitudes of their effects).  
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In sum, consensus within the field of science education is that both content knowledge 
and PCK are important for science teachers, which comports with research on teacher 
preparation in general and in mathematics in particular (National Research Council, 2010, 2012). 
The National Research Council (2010) concluded: 
Depending on the grades they teach, science teachers may be expected to be 
knowledgeable about basic ideas and content from at least five academic disciplines: 
biology, chemistry, earth science, mathematics, and physics. They are expected to have a 
facility with different kinds of scientific inquiry and also, like any teacher, to possess 
pedagogical content knowledge—that is, to understand how students learn particular 
content and how to teach it (p. 125). 
With respect to PCK in science, the National Research Council (2012) discussed the 
importance of teacher knowledge of: 
Common prescientific notions that underlie a student’s questions or models—in order to 
choose the pedagogical approaches that can build on those notions while moving students 
toward greater scientific understanding of the topics in question” (p. 256) 
For example, during preparation teachers could be provided with opportunities to analyze and 
revise curricular materials with respect to standards and learn about learning progressions 
(National Research Council, 2010, 2012). However, the report goes on, “Rarely are college-level 
science courses designed to offer would-be science teachers, even those who major in science, 
the opportunity to develop these understandings” (p. 256). 
This study, then, investigated degrees in mathematics education and science education, in 
addition to degrees in mathematics and science—with the former a possible source of PCK 
whereas the latter is a source of content knowledge. While content knowledge constituted the 
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focal interest of the present study, PCK must also be considered. Moreover, the relationship 
between student achievement and a degree in mathematics education, and particularly science 
education, remains an open question (Wayne & Youngs, 2003). Given such a subject-related 
degree’s assumed emphasis on the teaching of a particular subject, a major in mathematics 
education or science education should theoretically serve to promote pre-service teachers’ 
construction of PCK.  
In the present study, PCK was operationalized as having a major in mathematics (or 
science) education (eighth grade only)14 and participation in professional development focused 
on mathematics or science pedagogy/instruction (both fourth and eighth grades). It is possible 
that PCK better prepares teachers for initial practice than strict content knowledge. In the same 
vein, a premise of Henry et al.’s (2012) teacher preparation impact study was that teacher 
preparation effects (e.g., pedagogical content knowledge training) diminish over time 
(conversely, teacher preparation matters more at first before teachers subsequently garner 
experiential knowledge). 
Summary 
Given that teacher quality matters for student achievement (Nye et al., 2004), teachers are 
increasingly the foci of education reform efforts in the U.S. Despite the increasing attention 
being directed toward and accountability mandates for teachers, as well as the institutions that 
prepare them, a considerable share of new teachers report feeling unprepared for the realities of 
and day-to-day practice of teaching (Levine, 2006). A corollary of new teachers’ sense of 
unpreparedness for practice is that teacher effectiveness reliably varies as a function of teaching 
experience (Rivkin, Hanushek, & Kain, 2005). 
                                                 
14 TIMSS did not collect data on mathematics education or science education degrees for fourth 
grade teachers, which reflects their rarity within that population.  
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 Theoretically, teachers rely on knowledge as a basis for practice (Desimone, 2009; 
Shulman, 1987), thus the quality of teachers (both those new and experienced) is often examined 
with respect to the knowledge that they possess. Two forms of knowledge in particular that oft 
receive attention are content knowledge (i.e., knowledge of a particular subject matter area such 
as mathematics) and pedagogical content knowledge (i.e., knowledge of how to teach a particular 
subject matter area such as mathematic). In the U.S., pre-service teacher education (generally 
undergraduate coursework) and in-service education (on-the-job professional development) are 
two institutionalized mechanisms by which the education system develops such knowledge in 
teachers.  
Research findings suggest for mathematics a relationship between student achievement 
and both teacher content knowledge and pedagogical content knowledge, although evidence is 
stronger at the secondary level. Professional consensus within the field of science education is 
that both content knowledge and pedagogical content knowledge are important for science 
teachers, which comports with scholarship on teacher preparation in general and in mathematics 
in particular (National Research Council, 2010, 2012). At this writing, there is nevertheless 
limited evidence on teacher preparation in science and instead the conclusions are more 
logically- rather than empirically-derived. At the same time, there is mixed and contradictory 
evidence about whether the relationships between different types of teacher knowledge and 
student achievement in mathematics and science vary as a function of a teacher’s amount of 
classroom teaching experience.  
 Research on the effectiveness of professional development, the other primary source of 
content and pedagogical content knowledge, is equivocal in general (Whitehurst, 2002, March). 
However, there is research supporting the claim that professional development can effect change 
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in teacher knowledge and classroom practice in both mathematics and science (Dash, de Kramer, 
O’Dwyer, Masters, & Russell, 2012; Garet et al., 2001; Grigg, Kelly, Gamoran, & Borman, 
2012; Wallace, 2009), and student achievement though often to a lesser degree (Blank & de las 
Alas, 2009; Wallace, 2009). Desimone (2009) reviewed a large body of evidence suggesting that, 
given the right conditions, teacher PD should be effective. On the other hand, little is known 
about whether the benefits of professional development differ as a function of teaching 
experience. 
 Systematic reviews by Wilson et al. (2001) and others more recently called for additional 
research on the specific components of teacher preparation, including subject matter preparation, 
and their relationship to student achievement. The relationship between student achievement and 
a degree in mathematics education, and in particular a degree in science education (both potential 
sources of pedagogical content knowledge), remains an open question (National Research 
Council, 2010; Wayne & Youngs, 2003). More generally, there is a paucity of research on the 
outcomes of teacher preparation (Cochran-Smith et al., 2012; Diez, 2010). Wilson et al. (2001) 
argued that “Studies that compare the relative importance of specific parts of teacher preparation 
could be useful to those designing and revising teacher education programs” (p. iv). The present 
study attempted to fill these gaps in the literature on teacher knowledge and its relationship with 
student achievement in mathematics and science.  
The previous literature review also demonstrates a need to reconcile the divergent 
findings of Monk (1994), Boyd et al. (2009) and others cited earlier concerning when during 
teachers’ careers particular types of knowledge matter, in both mathematics and science. Indeed, 
extant models of teacher career development might form the basis for predictions that the types 
of knowledge relied on by new teachers differ from those of their experienced counterparts 
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(Huberman, 1989; National Research Council, 2010). This thin and equivocal body of research is 
also given attention in the present study. 
At its core, this study investigated in nationally representative data the relationship 
between teacher content knowledge in mathematics and science and student achievement in 
those subjects in fourth and eighth grade. Importantly, content knowledge was operationalized in 
terms of undergraduate degrees in the subject and participation in content-focused professional 
development. For eighth grade science specifically, it also investigated the relationship between 
student achievement and teacher content knowledge in particular science disciplines—both in 
general and as teachers’ specific science degrees (e.g., biology) align with the curricular 
emphasis. In addition, this study examined the interaction between teacher content knowledge 
and teaching experience, asking specifically whether content knowledge “matters” less for new 
teachers. 
For eighth grade mathematics and science, this study also necessarily investigated the 
relationship between student achievement and pedagogical content knowledge and whether and 
how that relationship varies as a function of teaching experience. Importantly, pedagogical 
content knowledge was indicated by a major degree in mathematics or science education (eighth 
grade only) and participation in mathematics or science pedagogy/instruct-focused professional 
development (both grades). All of these questions were investigated in the context of three 
cognitive domains of mathematics and science, namely knowledge, application, and reasoning. 
The hypotheses for this study study’s questions concerning content knowledge and pedagogical 
content knowledge were that, in general, both forms of teacher knowledge relate to student 
achievement. Given the mixed evidence and preliminary nature of the research questions about 
the timing of such effects, I posited no such a priori, directional hypotheses. Theoretically, 
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however, it would be reasonable to predict that the relationship between teacher content 
knowledge and student achievement is less pronounced among new teachers. 
Ideally, this study would offer insights for researchers and teacher educators around 
teacher education for mathematics and science. Taken with other literature, for example, it might 
inform which supports are provided to beginning teachers (e.g., mentoring, induction, or 
professional development), or during preservice teacher preparation (e.g., content knowledge, 
pedagogical content knowledge, or practice-related knowledge and skills) (Veenman, 1984). It is 
hoped that this study offers theoretical contributions to extant models of the teaching career (e.g., 
Huberman, 1989), specifically around the type of knowledge that might be useful for particular 
times during the career. While this study had limitations, discussed later in detail, I hope that 
research along these lines can ultimately help to advance teacher preparation and student 
achievement in mathematics and science. In what follows, I discuss the methods for this study 
that brought empirical light to bear on its research questions.  
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Chapter Three 
This quantitative study investigated four research questions about teacher knowledge: 
1) To what extent are student mathematics and science achievement higher among students 
with teachers who possess more content knowledge? 
2) To what extent are student mathematics and science achievement higher among students 
with teachers who possess more pedagogical content knowledge? 
3) To what extent does the relationship between teacher content knowledge and student 
mathematics and science achievement vary as a function of teaching experience? 
4) To what extent does the relationship between teacher pedagogical content knowledge and 
student mathematics and science achievement vary as a function of teaching experience? 
The present study involved secondary analysis of U.S. data collected by TIMSS 2011. A large-
scale international comparative assessment, TIMSS offers nationally representative samples of 
U.S. students (as well as students from other countries) in the fourth and eighth grades. In this 
study, the TIMSS U.S. student mathematics and science achievement scales in both grades 
comprised the primary dependent variables. The independent variables of interest included 
indicators of content knowledge, pedagogical content knowledge, and teaching experience, and 
their interactions. Given the cross-sectional, observational design of the TIMSS assessment, for 
reasons discussed in this chapter the design of this study is best characterized as (retrospective) 
ex post facto research. The researcher had no control over the independent variables of interest. 
Rationale for Study Populations and Outcome Variables 
This study examined its research questions about mathematics and science teacher 
knowledge and teaching experience in the context of fourth and eighth grade—those grades 
assessed by TIMSS 2011. It also examined its questions in the context of a range of cognitive 
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domains within these two subjects. In general, this study’s consideration of multiple grades and 
outcomes is intended to permit, if needed, a differentiated, nuanced understanding of the 
interactive relationship between teacher knowledge, teaching experience, and student 
achievement. In this section, I discuss further the rationale for these specific student populations 
and outcomes.  
 The fourth and eighth grades reflect an important structural feature of the U.S. K-12 
education system: that there are different school levels, namely elementary, middle, and 
secondary. While the purpose of advancing science, technology, engineering, and mathematics 
(STEM) education is arguably to increase postsecondary educational attainment in STEM fields, 
reform efforts (and by extension research) cannot be limited exclusively to the secondary level. 
The vertical nature of learning in the domains of science and (particularly) mathematics—and in 
general the need for prerequisite knowledge to advance successfully—necessitate a focus 
throughout the K-12 system. Indeed, recent STEM initiatives are targeting younger and younger 
students (e.g., Cotabish, Dailey, Robinson, & Hughes, 2013). Although there are some 
differences in how school districts are structured (e.g., districts with a single K-12 school), for all 
students these fourth and eighth grade represent two points along the K-12 educational system. 
For those students in traditionally structured school districts (i.e., elementary, middle, and high 
schools), these two grades reflect the boundaries between the elementary and middle, and the 
middle and secondary school levels, respectively.  
At the same time, the fourth and eighth grades also reflect differences in teacher 
education requirements (in both degree and nature). For example, elementary teachers are 
generally not expected to have a subject matter degree whereas this is the case for middle school 
and secondary teachers. In fourth grade, the same teacher generally teaches all core academic 
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subjects (e.g., mathematics, science, English, and history) whereas in eighth grade a different 
teacher teaches each subject. Thus, fourth grade teachers are generalists, while eighth grade 
teachers are often specialists. (Later I describe the distribution of teacher degree variables in the 
TIMSS 2011 samples). These education requirements no doubt reflect the sophistication of 
curricular content at the elementary and middle/secondary levels. As discussed in this 
dissertation, prior research implied that greater sophistication of curricular content might 
necessitate more teacher knowledge thus this study examined its research questions at different 
points in the K-12 education system (e.g., Monk, 1994). 
 In both grades and subjects, the dependent variables for this study included an array of 
mathematics and science achievement outcomes, which represent a range of cognitive processes 
(knowing, applying, and reasoning). While earlier stages of U.S. education were marked by a 
focus on “minimum competency” (see Linn, Madaus, & Pedulla, 1982), the cognitive demand of 
curriculum and instruction has received much attention in recent years. For example, research 
showed that the No Child Left Behind law narrowed curriculum such that instruction is focused 
on the low-level cognitive outcomes tapped by the testing regime (Abrams, Pedulla, & Madaus, 
2003; Koretz, Linn, Dunbar, & Shepard, 1991). Moreover, this study’s focus on a range of 
cognitive processes in the domains of mathematics and science is timely in light of the 
implementation of generally more rigorous content standards in K-12 English/language arts and 
math, and soon enough, science education. Correspondingly, current reform efforts involve the 
design and implementation of so-called “next generation” assessment systems which in part aim 
to assess higher- (e.g., analysis) as well as lower-level (e.g., knowledge) student cognitive 
outcomes. This study then, took an expanded cognitive perspective in answering its questions 
about the relationships between teacher knowledge, teaching experience, and student 
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achievement. The effects of teacher content knowledge on student achievement, if any, may vary 
in terms of the difficulty of the material or depth of knowledge required by teachers (e.g., Druva 
& Anderson, 1983; Monk, 1994). 
Addressing Selection Bias 
The analytical framework for this study assumed that student achievement at time t is not 
simply a function of (say) teacher content knowledge, but also myriad factors at the classroom, 
school and individual levels (with the latter comprising home effects) (Haertel, Walberg, & 
Weinstein, 1983; Haveman & Wolfe, 1995; Walberg, Fraser, & Welch, 1986). After all, the 
“assignment” of students and teachers to schools/classrooms is not random. For example, 
students from disadvantaged backgrounds are more likely to be in schools with less experienced 
and less qualified teachers (in terms of licensure test scores, degrees, and National Board 
Certification, for example) (Clotfelter, Ladd, & Vigdor, 2006; Frankenberg, 2006).  
In addition, the “assignment” of teachers to undergraduate degree field (i.e., major/minor) 
is not random. If one were to observe a relationship between a teacher degree in mathematics and 
student achievement in that subject, it is possible that the relationship might be spurious. For 
example, such effects might reflect the general cognitive ability or academic backgrounds of 
teachers. Indeed, research suggests a relatively robust relationship between teacher cognitive 
ability and student achievement, be it indicated by test scores or overall grade point average 
(Clotfelter, Ladd, & Vigdor, 2006, 2007; Whitehurst, 2002, March; cf. Buddin & Zamarro, 
2009).15 At the same time, research found that college major is correlated with cognitive factors 
(e.g., Goldman & Hewitt, 1976). Thus, factors such as the teachers’ general cognitive ability are 
plausible extraneous variables in this study. Unfortunately, with the exception of the teachers’ 
                                                 
15 Kukla-Acevedo (2009) showed that the relationship between overall grade point average and 
achievement diminishes as teachers gain experience with the practice of teaching. 
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sex, TIMSS 2011—the data source for this study—did not collect much data about teachers’ 
characteristics. In a study such as this, it would be advantageous to have a measure of general 
cognitive ability or teachers’ academic backgrounds prior to selecting a major, in order to rule 
out variables possibly confounded with major choice (if relationships between majors and 
achievement are in fact observed). Clearly, for this study unmeasured factors that drive teacher 
selection into degree field potentially confound variables representing their degree fields.  
Given the plausibility of selection threats in a cross-sectional observational study, then, 
the present study accounted for other factors with evidenced relationships with student academic 
achievement; thus this research examined the relationships between the primary independent 
variables and the outcomes while partialling out variance explainable on account of other factors. 
At the student level, this study accounted for several variables on which TIMSS 2011 collected 
data (see Appendix A, B, C, and D for summaries of all variables used for fourth and eighth 
grade mathematics and science): socioeconomic background (Bradley & Corwyn, 2002; 
Goldhaber & Brewer, 1996; Haveman & Wolfe, 1995; Reynolds & Walberg, 1992; Sirin, 2005; 
Walberg, Fraser, & Welch, 1986); student liking of mathematics/science (Hidi, 1990; Lubienski, 
Lubienski, & Crane, 2008; Reynolds & Walberg, 1992; Singh, Granville, & Dika, 2002; 
Uguroglu & Walberg, 1979; Walberg, Fraser, & Welch, 1986); and sex of students because 
studies have shown some differences between boys and girls in mathematics and science at some 
ages/grades (Martin et al., 2012; Mullis et al., 2012; Organization for Economic Co-operation & 
Development, 2010; Walberg, Fraser, & Welch, 1986). 
At the classroom/school level, the present study accounted for: overall student 
socioeconomic background (Caldas & Bankston, 1997; Clotfelter, Ladd, & Vigdor, 2007; Mayer, 
Mullens, & Moore, 2001); school size (Borland & Howsen, 2003; Fowler & Walberg, 1991; Lee 
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& Bryk, 1989; Lee & Smith, 1997; Pong & Pallas, 2001); class size (Clotfelter, Ladd, & Vigdor, 
2006; Finn & Achilles, 1990; Lee & Reeves, 2012; Lubienski, Lubienski, & Crane, 2008); 
advanced degree (master’s degree or higher) (Clotfelter, Ladd, & Vigdor, 2006; Croninger et al., 
2007; Darling-Hammond et al., 2005; Early et al., 2006; Henry et al., 2012; but cf. Buddin & 
Zamarro, 2009; Darling-Hammond, 1999; Goldhaber & Anthony, 2007; Goldhaber & Brewer, 
1996, 2000; Winters et al., 2011); and the sex of the teacher. 
Unfortunately, TIMSS 2011 does not collect data on the fields in which teachers attained 
any advanced degrees (see, for example, Goldhaber & Brewer, 1996; Wayne & Youngs, 2003). 
This study did not account for teacher certification, notwithstanding its definition; evidence on 
the relationship between certification (variously defined) and achievement is mixed (Clotfelter, 
Ladd, & Vigdor, 2006, 2007; Croninger et al., 2007; Darling-Hammond et al., 2005; Early et al., 
2006; Goldhaber & Brewer, 2000; Kane & Staiger, 2008; Lubienski, Lubienski, & Crane, 2008; 
Palardy & Rumberger, 2008; Winters et al., 2011). Negligible proportion of TIMSS teachers are 
“uncertified” in both grades.   
The current study also employed propensity score analysis (Rosenbaum & Rubin, 1983). 
I first estimated the probability that students’ teachers experienced various “treatments” (e.g., a 
major in mathematics) and then included those probabilities in the statistical models (discussed 
in Analytic Approach). In doing so, the present study sought to combat selection bias further. 
Accordingly, this study used observational data and constitutes (retrospective) ex post facto 
research. Nevertheless, unobserved variables potentiate estimation bias when using observational 
data (Hanushek, Kain, O’Brien, & Rivkin, 2005). This study then, had a number of limitations, 
common to investigations of this nature. In Chapter Four, I discuss problems in studying teachers 
and teacher education. 
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Participants 
The current study analyzed TIMSS 2011 data collected in the U.S. only. TIMSS employs 
grade-based population sampling (cf. age-based sampling) of students. The age of students tested 
in the fourth or eighth grades (the target populations) must be at least 9.5 and 13.5 respectively. 
TIMSS conducts within-country random sampling and in all countries, including the U.S., the 
sampling design is complex: a two-stage stratified cluster design. In the U.S. TIMSS for both 
grades four and eight, the first random sampling stage is schools, and the second is classrooms 
(generally one or two) within schools. The sampling design selects schools at the first stage with 
probability proportional to size (PPS), a systematic sampling element, in order to increase the 
accuracy of population estimates. In selecting schools from the school sampling frames, the PPS 
approach privileges larger over smaller schools in terms of their selection probability using a 
measure of school size. In contrast, classrooms within schools are sampled with equal probability 
(Martin & Mullis, 2013). As discussed in the next sections, these TIMSS sampling design 
features have implications for the design and analysis of studies using its data. 
The timing of the U.S.  TIMSS 2011 assessment during the academic year is such that 
students have had their current teacher for the majority of the year in which students are assessed. 
However, it should be recognized that student achievement at time t (a status measure) reflects 
the influence of both in- and out-of-school factors exerting their influence before and until the 
assessment. This underscores the importance of accounting for the non-teacher antecedents of 
current student achievement (Rivkin, Hanushek & Kain, 2005; Rowan, Correnti, & Miller, 2002). 
Because the U.S. TIMSS target populations comprise the universe of students enrolled in 
the fourth and eighth grades, this research may only afford unbiased estimates for these student 
populations, and not for the populations of teachers, as they were not randomly sampled. 
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Accordingly, this study considered teacher, classroom and school contextual characteristics as 
attributes of students, that is, information about the context of the students’ education 
(Rutkowski, Gonzalez, Joncas, & von Davier, 2010). Nevertheless, estimates might be biased 
because the sample of teachers is not representative of the population. 
Of the entire TIMSS 2011 database, this study included for analysis only those fourth and 
eighth grade students who have a single mathematics or science teacher. Later I discuss analyses 
conducted to understand the characteristics of students with more than one mathematics or 
science teacher. The analytic sample at both grades included students in several types of both 
private and public schools (e.g., regular public, regular public with magnet program, privately 
run public, independent private, and religiously affiliated private). In addition, this study did not 
differentiate among or consider statistically: fourth grade students for whom mathematics is 
taught as its own subject and for whom mathematics and science are integrated; eighth grade 
students who have repeated a grade in either elementary school or middle/junior high school; and 
eighth grade students in different types of mathematics classes (e.g., basic or general eighth-
grade math, introduction to algebra or pre-algebra, and algebra I). Future research should 
examine the stability of this study’s findings when taking these and other factors into statistical 
consideration. 
One analytic complexity arising from the complex sampling design of TIMSS 2011 is 
that student selection probabilities are unequal, that is, the probability sampling design used for 
TIMSS is not a simple random sample. In the case of TIMSS 2011, student selection 
probabilities are unequal because of the probability proportional to size aspect of the sampling 
design wherein at stage-one of the sampling, large schools are more likely to be sampled than 
small schools. This study used the level-1 (student level) sampling weights appropriate for the 
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analyses, i.e., MTHWGHT and SCIWGHT. These sampling weights are crucial in securing 
unbiased, representative student population parameter estimates. 
 Table 1 presents the final sample sizes for the analyses conducted at each grade/subject, 
after removing students with more than one teacher for the respective subject. If and how the 
removed students differ from their included counterparts is discussed later.   
Table 1 
Sample Sizes 
Dataset N 
Fourth grade mathematics - 
Level 1 12504 
Level 2 620 
Fourth grade science - 
Level 1 12519 
Level 2 619 
Eighth grade mathematics - 
Level 1 10477 
Level 2 557 
Eighth grade science - 
Level 1 10304 
Level 2 554 
 
Variables and Measures 
 
The specific data source for this study was the TIMSS 2011 international database—U.S. 
data only16 (Foy, Arora & Stanco, 2013). TIMSS 2011 collected student-level achievement and 
contextual data from students, school-level data from principals, and classroom-/teacher-level 
data from teachers. This study merged for analysis TIMSS 2011 contextual data reported by 
teachers, principals, and students, with objective student achievement test data. In fourth grade, 
                                                 
16 The National Center for Education Statistics’ U.S.-specific TIMSS 2011 database, which 
includes U.S., adaptations to TIMSS 2011 (e.g., race/ethnicity data), was not available during the 
conduct of this study. 
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the same teacher generally teaches both mathematics and science, however the teacher 
questionnaire was administered to multiple teachers if the student had separate (or multiple) 
teachers for these subjects. In eighth grade, each sampled student’s teacher (or teachers) for 
mathematics and science complete the respective mathematics or science background 
questionnaires. Appendices A-D respectively present all student-level and contextual variables 
that were submitted to analysis for fourth grade mathematics, fourth grade science, eighth grade 
mathematics, and eighth grade science.  
Dependent variables. The TIMSS Assessment Framework (Mullis, Martin, Ruddock, 
O'Sullivan, & Preuschoff, 2009) defines the TIMSS fourth and eighth grade student overall 
mathematics and science achievement constructs. The mathematics test assesses three content 
domains (i.e., number, geometric shapes and measures, and data display) in fourth grade, and 
four content domains (i.e., number, algebra, geometry, and data and chance) in eighth grade. The 
science test assesses three content domains in fourth grade (i.e., life science, physical science, 
and earth science), and four content domains in eighth grade (i.e., biology, chemistry, physics, 
and earth science). In both grades and subjects, the assessment also has a cognitive dimension—
knowing, applying, and reasoning—which represent a range of cognitive processes vis-à-vis the 
content domains. The dependent variables for this study are the TIMSS overall achievement 
scales and cognitive domain subscales (knowing, applying, and reasoning) in both grades and 
subjects—all continuous, normally distributed variables. 
The fourth and eighth grade mathematics and science achievement constructs are each 
operationalized by both multiple-choice selected-response and constructed-response items. To 
expand test content and reduce the burden on students, all students do not complete all test items. 
Instead, TIMSS employs matrix sampling wherein different (but overlapping) sets of items are 
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administered to randomly equivalent sub-samples of students. For scaling, item response theory 
(i.e., 3-parameter partial credit model) is invoked to handle this sampling of different sets of 
items to representative samples of students. 
The matrix sampling of items to persons constrains the precision of individual student 
achievement estimates. Consequently, student scale scores across both grades and subjects for 
each student are each characterized by a set of five plausible values drawn from each student’s 
posterior distribution of proficiency scores given item responses and conditioning variables. Five 
is the minimum number of PVs that deal with the measurement uncertainty introduced by 
limiting the number of items any given student completes (Foy, Arora & Stanco, 2013). Later, I 
discuss the analytic handling of these plausible variables that served as the dependent variables. 
Independent variables. The independent variables of primary interest, all measured at 
the classroom/teacher-level by the TIMSS 2011 assessment via teacher questionnaires, are 
shown in Appendix A for fourth grade mathematics, Appendix B for fourth grade science, 
Appendix C for eighth grade mathematics, and Appendix D for eighth grade science. The TIMSS 
teacher questionnaires differed in some respects across fourth and eighth grade, and furthermore 
within eighth grade there were different questionnaires for mathematics and science teachers. 
These differences in the questionnaires reflect differences in terms of course structure, content, 
and teacher certification requirements between fourth and eighth grade. 
The following discussion of this study’s independent variables is organized by research 
question. Before proceeding, it is worth noting that the statistical analyses discussed later shed 
light on all four questions simultaneously; for example, this study’s final statistical models (see 
Analytic Approach section) included indicators of content knowledge, pedagogical content 
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knowledge and the interaction of each of those two forms of teacher knowledge with teaching 
experience. Nevertheless, the reader will recall that the study’s first research question is: 
1) To what extent are student mathematics and science achievement higher among 
students with teachers who possess more content knowledge? 
Teacher content knowledge. Across grades/subjects, this study attempted to capture 
teacher content knowledge in two ways, first through attainment of a degree in mathematics or 
science, and second through participation in mathematics or science content-focused professional 
development. For eighth grade science, this study’s attempt to address its first research question 
about content knowledge includes consideration of the specific emphases of the course (e.g., 
Biology); as noted earlier, this study examined the interactive relationship between specific 
science degrees and course emphasis, on the one hand, and student achievement on the other. 
Additionally, this study’s attempts to combat selection bias called for the incorporation of other 
data at the student, classroom, teacher, and school levels, as well as propensity score analysis.   
Degree field. Content knowledge is first operationalized as whether a teacher 
majored/minored in the corresponding subject, mathematics or science (which assumedly 
involved mathematics or science content coursework). Mathematics degree variables (e.g., major 
in mathematics) were examined with respect to mathematics achievement, and similarly for a 
major/minor in science with respect to science achievement. In fourth grade, TIMSS 2011 
provides data on both majors and minors; in eighth grade, there are only data on majors. The 
degree field variables were dummy coded with indicator variables for a major in the subject (an 
indicator variable representing a minor was also used for fourth grade). Students taught by 
teachers without such a major (or minor) were the reference group. The original variables were 
recoded from 1=Yes and 2=No to 1=Yes and 0=No. 
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This research assumes that a major or minor in a particular discipline promotes teacher 
content knowledge in that discipline. Though distal, a content degree may be an adequate proxy 
for content knowledge, since it is an indicator of whether a teacher successfully attained a 
postsecondary major/minor degree in mathematics or science. Degree attainment can differ in the 
level of challenge it presents to the student across institutions, yet successful postsecondary 
mathematics and science training is generally nontrivial. 
  Within TIMSS data, the specific eighth grade science majors/minors on which there are 
data are Biology, Physics, Chemistry and Earth Science. This study first derived an indicator of 
whether the teacher has a major degree in science in general (any science major), with students 
taught by teachers with all other degrees as the reference group. In addition, in separate statistical 
models this study examined the relationship between achievement and a major in specific 
scientific disciplines (i.e., physics, chemistry, earth science or biology). As with a science degree 
in general, these variables were dummy coded with indicator variables for a major in each 
specific discipline with not having such a degree constituting the reference group. 
Eighth grade science course emphasis. For eighth grade science only, teachers’ specific 
science degrees (e.g., biology) were investigated with respect to overall achievement and as they 
align with curricular emphases (e.g., biology). Curricular emphases were operationalized in 
terms of the estimated proportion of time allocated to each content area. TIMSS teachers were 
asked to estimate the proportion of time in their course allocated to various content areas, 
namely: biology (e.g., structure/function, life processes, reproduction/heredity, natural selection, 
ecosystems, and human health); chemistry (e.g., classification, composition, properties  of 
matter, and chemical change); physics (e.g., physical states/changes in matter, energy, light, 
sound, electricity, magnetism, forces, and motion); and earth science (e.g., Earth’s  structure, 
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processes, resources,  the solar system and universe). To test these interactions, each course 
emphasis was multiplied by the respective degree variables (major dummies). Interactions 
between course emphases and specific science majors were not standardized (Fox, 1997), 
although the course emphases main effect variables were. 
Professional development. In terms of content-focused professional development (PD), 
this study tested the hypothesis that PD focused on subject matter content in a particular domain 
is related to student achievement in the respective domain by comparing students taught by 
teachers who did and did not receive such PD in the past two years. Recent participation in 
content-focused PD was operationalized by a dummy variable representing the presence (1) or 
absence (0) of such PD participation. 
Other variables. The reader will recall that this study’s analytical framework assumed 
that student achievement at time t is a function of both in- and out-of-school factors in addition 
to teachers. In addition to the independent variables of primary interest then, this study also 
accounted for other factors in order to reduce the plausibility of selection threats—in terms of 
student assignment to schools and classrooms, and to a much lesser extent, teacher selection to 
degree field. These other variables, collected via TIMSS teacher, student, and school 
questionnaires, are shown in Appendix A for fourth grade mathematics, Appendix B for fourth 
grade science, Appendix C for eighth grade mathematics, and Appendix D for eighth grade 
science. 
Student level. At the student level and across all grades/subjects, this study accounted for 
sex; socioeconomic background; and liking of mathematics/science. Student sex was 
operationalized as a dummy/indicator variable representing that the student is female (No=0, 
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Yes=1). The measures of socioeconomic background and liking of mathematics/science 
variables were variables constructed by TIMSS 2011 as described in the next paragraphs. 
As an indicator of students’ socioeconomic backgrounds at fourth grade, this study 
incorporated the official TIMSS 2011 derived variable, “Number of Home Study Supports,” 
which captures having one’s own room and an Internet connection, and ranges from 0 to 2.17 The 
Number of Home Study Supports variable is the sum of two dummy variables indicating the 
absence 0, or presence 1, of these two home study supports. At eighth grade, the analogous 
measure used was the Home Educational Resources (HER) scale. This TIMSS 2011 derived 
variable was scaled differently than its analogue in fourth grade. This TIMSS 2011 scale in 
eighth grade was constructed using the Rasch partial credit model. The HER scale reflects 
having one’s own room and an Internet connection, as well as parents’ highest level of education 
and the number of books in the home (Martin & Mullis, 2013). This eighth grade measure is 
similar to measures of socioeconomic status, which typically comprise the facets, parental 
income, education, and occupation (Harwell & LeBeau, 2010).  
This study also included the Students Like Learning Mathematics/Science (SLM/S) 
scales as measures of affective or motivational factors at the student level. These scales were 
equivalent in content (i.e., items) across both grades and subjects, comprising items such as “I 
enjoy learning mathematics” and “Mathematics is boring” (reverse coded). These scale scores 
were estimated using the Rasch model (see Martin & Mullis, 2013). For comparability, in eighth 
grade this study used the general liking of science (rather than liking of particular science 
domains such as Biology). More information on these measures (e.g., reliability and validity) can 
be found in the section on contextual questionnaire scaling in Martin and Mullis (2013). The use 
                                                 
17 The U.S. did not sample the same students for TIMSS and PIRLS 2011, consequently the new 
Home Resources for Learning (HRL) scale was not available for this study. 
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of these scales eliminates the need for psychometric analyses in this study. Ultimately, both the 
HER and SLM/S continuous scale scores were standardized. While the home resources variable, 
scaled 0-2, was imputed as a categorical variable, it was treated as continuous for analysis and 
therefore was also standardized.  
Teacher/classroom/school level. At the teacher/classroom/school level, this study 
accounted for: overall student socioeconomic background; school size; class size; teacher 
advanced degree (master’s degree or higher); and the sex of the teacher (see Appendices A-D). 
The school socioeconomic background variable was the percent of students from economically 
disadvantaged homes, as reported by the principal. This 4-level ordinal variable was recoded to 
three dummy variables: dummies for 11-25 (originally 2), 26-50 (originally 3), and more than 50 
percent (originally 4), with 0-10 percent (originally 1) as reference group. School size and class 
size variables were continuous in terms of their scale of measurement. Teachers’ highest degree 
was treated as a dummy variable representing whether the students’ teacher has at least a 
master’s degree or equivalent (No=0, Yes=1); this dummy variable was derived from the TIMSS 
2011 level of education variable codes of 6 [“Academic Master's degree, postgraduate certificate 
program (e.g., teaching) or first professional degree (e.g., law, medicine, dentistry) / Doctorate 
(Ph.D. or Ed.D)]” (in fourth grade) and 7 [“7 = Academic Master's degree, teaching certificate 
program, or first professional degree (e.g., law, medicine, dentistry) or higher”] (in eighth grade). 
The original sex of teacher variable was recoded from 1=Yes and 2=No to 1=Yes and 0=No such 
that 1 represented that the teacher was female and 0 represented that the teacher was male. 
Propensity score analysis. This study also used propensity score analysis (PSA) to 
mitigate selection biases. PSA was used to account for student selection into classroom 
“treatments” wherein the teacher has more or less of a particular type of knowledge. In this 
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section, I discuss the variables that were used to construct propensity scores. The PSA 
procedures are described in Analytic Approach. 
For this study, the PSA incorporated both teacher characteristics (i.e., sex of teacher) and 
general school characteristics. School level variables included school characteristics both 
measured at that level and aggregated from the student level. The first characteristic measured at 
the school level was school overall socioeconomic background (the ordinal variable reported by 
the school principal described earlier). The propensity score analysis also incorporated three 
TIMSS 2011 official school contextual scales: Instruction Affects by Mathematics/Science 
Resource Shortages (MRS/SRS); Safe and Orderly School (SOS) scale; Teacher Working 
Conditions (TWC) scale. Each of these scales is defined as a Rasch scaled scores, described in 
Martin and Mullis (2013). Next, overall student achievement was aggregated from the student 
level to the school level by averaging (arithmetic mean) each of the five plausible values across 
all students within a particular school (using IDSCHOOL), and then averaging (arithmetic mean) 
each of the five school-level plausible values to yield a single indicator of school-level 
achievement. It is worth pointing out that student achievement was aggregated to the school level 
prior to selecting only those students with a single mathematics/science teacher for analysis.18 
This study’s second research question is:  
2) To what extent are student mathematics and science achievement higher among 
students with teachers who possess more pedagogical content knowledge? 
Pedagogical content knowledge. This study attempted to capture teacher pedagogical 
content knowledge in two ways, first through a degree in mathematics education or science 
                                                 
18 The propensity scores generated on the basis of the PSA described later were not centered 
before multilevel analysis because they were not to be interpreted by the author; not centering at 
level-2 is less consequential than at level-1 (Raudenbush & Bryk, 2002). 
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education (eighth grade only), and second through recent participation in professional 
development focused on mathematics or science pedagogy/instruction (both grades).  
Degree field. For eighth grade only, this study examined the relationship between 
achievement and a major in mathematics education or science education (for mathematics and 
science teachers, respectively). These variables were each dummy coded as indicator variables 
representing a major in mathematics education (or science education) and those not having a 
major as the reference group. The original variables were recoded from 1=Yes and 2=No to 
1=Yes and 0=No. 
Since a major in mathematics education or science education may comprise both 
pedagogical and content preparation, these variables can be understood as representing subject-
specific preparation for teaching (as opposed to strict disciplinary preparation as is the case for a 
major/minor in mathematics or science). 
Professional development. For all grades and subjects, teacher pedagogical content 
knowledge was operationalized as whether the teacher has participated in professional 
development focused on mathematics or science pedagogy/instruction during the past two years. 
For both mathematics and science, having participated in such professional development was 
coded 1 whereas having not participated in such PD was coded 0. 
Data assumptions. A major literature review on teacher preparation by Wilson et al. 
(2001) argued that subject-specific pedagogical courses, for example mathematics or science 
education courses, can actually be a source of content knowledge for teachers. One limitation of 
this study for eighth grade then, was that coursework for a major/minor degree in mathematics or 
science education may involve some content preparation (e.g., two or three content courses for 
teachers), thus to some extent pedagogical content knowledge and content knowledge are 
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confounded. In some teacher education programs, such as Boston College, elementary education 
majors are required to take 12 credit hours in the content of mathematics and science (with only 
one course focused on subject pedagogy). 
While there is a tradition of using science/mathematics education degrees as proxies for 
pedagogical content knowledge (e.g., Kennedy, Ahn, & Choi, 2008), this study used these 
variables with the following rationale: It is possible that the nature of mathematics courses held 
within a school of education may, by their very nature, be more pedagogically focused than 
would be the content of a “pure” mathematics or science coursework. By this logic, content 
knowledge acquired for a bonafide degree in mathematics/science and content 
mathematics/science content acquired in teacher education may represent different “treatments” 
for teachers, so to speak (both in terms of their nature and degree). Nonetheless, this issue is 
recognized as a limitation of this study. Likewise, content coursework not applied to a formal 
minor/major was unmeasured for this study. 
In this study, a degree in science or mathematics was interpreted to represent “pure” 
content knowledge (in the absence of any pedagogical content knowledge), whereas a degree in 
science or mathematics education represented both pedagogical content knowledge and possibly 
some content knowledge. For teachers with a major in mathematics or science education as well 
as a subject matter major, any relationship between strict content knowledge and student 
achievement was considered distinct from content knowledge acquired in mathematics or science 
education coursework specifically.  
This study’s third and fourth research questions both concern the interactive relationships 
(if any) between teacher knowledge and teaching experience on the one hand, and student 
achievement on the other. In particular, this study’s third research question is: 
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3) To what extent does the relationship between teacher content knowledge and student 
mathematics and science achievement vary as a function of teaching experience? 
Similarly, this study’s fourth research question is: 
4) To what extent does the relationship between teacher pedagogical content knowledge 
and student mathematics and science achievement vary as a function of teaching experience? 
These two research questions each call for the incorporation of additional variables, namely 
teaching experience and the interaction of both content knowledge and pedagogical content 
knowledge with teaching experience.  
Teaching experience. Prior research variously represented teaching experience for 
statistical analysis. In addition to examining teaching experience as it is linearly related to 
achievement (e.g., Goldhaber & Anthony, 2007), prior research has also explored the 
relationship between achievement and teaching experience as nonlinear in nature. In general, 
previous studies examined nonlinearity in one of two ways. The first approach is through the 
incorporation of a set of indicator (dummy) variables representing various lengths of teaching 
experience, as compared to some reference group (Boyd et al., 2006; Buddin & Zamarro, 2009; 
Clotfelter, Ladd, & Vigdor, 2007; Croninger, Rice, Rathbun & Nishio, 2007; Goldhaber & 
Anthony, 2007; Lubienski, Lubienski, & Crane, 2008; Winters et al., 2011). For example, Rivkin, 
Hanushek and Kain (2005, p. 18) used dummy variables representing first, second, third, fourth 
and fifth year teachers with six or more years of experience as the reference group. Kane and 
Staiger’s (2008) approach was similar save a different reference group. Darling-Hammond et al. 
(2005) used a dummy for one year of teaching or fewer. The second approach to examining 
nonlinearity has been to look at the relationship between student achievement and teaching 
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experience squared, and even cubed, in addition to teaching experience to the first power 
(Darling-Hammond et al., 2005; Rockoff, 2004). 
For this study, the coding of teaching experience was based on insights from theory and 
prior research. Specifically, much of the evidence cited earlier suggests that teaching experience 
effects are limited to the first five years of teaching. The original plan for coding teaching 
experience was to derive dummies for various years of teaching (i.e., one year or fewer, second 
year, third year, fourth year, and fifth year) with teachers with six or more years of experience as 
the reference group. In addition to its theoretical grounding, this treatment of the teaching 
experience variable (rather than as a continuous variable) provides a concrete, interpretable 
approach to understanding the precise nature of teaching experience effects. It was also intended 
that the coding of teaching experience would be the same for all grade/subject statistical models 
to allow for comparability. 
However, inspection of the joint distributions of each of these teaching experience 
dummies and the “treatment” variables (e.g., dummy representing a major in mathematics 
education) revealed insufficient data to treat teaching experience as originally intended in fourth 
grade mathematics and science. Table 2 presents the joint distribution of the fourth grade 
mathematics “treatment” variables and the first five values of the teaching experience variable. 
These joint distributions were examined in the datasets that were ultimately submitted to 
statistical analysis; it was necessary to examine the joint distributions for all five multiply 
imputed datasets because each ultimately needed to be analyzed and each would require 
variation in teaching experience within various “treatments” to compute interaction terms. Most 
notable in Table 2 is that there were no teachers with only one or fewer years of experience who 
also had majored in mathematics in four of five of the multiply imputed datasets.    
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Table 2 
Fourth Grade Mathematics Joint Distributions of Teaching Experience and “Treatment” 
Variables by Multiply Imputed Dataset 
“Treatment” variable Percent years of teaching experience 
Mathematics major 1 or fewer 2 3 4 5 5 or fewer 
MI 1 0.00 0.00 0.48 0.16 0.16 0.81 
MI 2 0.32 0.00 0.48 0.16 0.16 1.13 
MI 3 0.00 0.00 0.65 0.16 0.32 1.13 
MI 4 0.00 0.00 0.48 0.16 0.16 0.81 
MI 5 0.00 0.00 0.48 0.16 0.16 0.81 
Mathematics minor 
      MI 1 0.32 0.32 0.65 0.48 0.32 2.10 
MI 2 0.48 0.16 0.65 0.48 0.32 2.10 
MI 3 0.48 0.16 0.97 0.48 0.32 2.42 
MI 4 0.32 0.32 0.81 0.48 0.48 2.42 
MI 5 0.32 0.16 0.65 0.65 0.32 2.10 
Mathematics content PD 
     MI 1 2.42 2.26 2.10 3.71 3.87 14.35 
MI 2 3.06 2.26 2.10 3.55 3.71 14.68 
MI 3 2.58 2.58 2.26 3.55 4.19 15.16 
MI 4 2.58 2.42 2.26 3.39 3.39 14.03 
MI 5 2.58 2.42 2.26 3.87 3.87 15.00 
Mathematics pedagogy PD 
     MI 1 1.94 1.77 1.94 2.74 2.90 11.29 
MI 2 2.26 1.61 2.10 2.42 3.06 11.45 
MI 3 1.94 1.77 2.10 2.58 3.23 11.61 
MI 4 2.10 1.94 2.58 2.58 2.90 12.10 
MI 5 1.94 2.10 2.10 2.74 3.39 12.26 
MI = multiply imputed dataset. PD = professional development. 
In addition, there were no teachers with only two years of experience who also had majored in 
mathematics in all of the five multiply imputed datasets. Such distributions would necessarily 
preclude examining the differential effects of a mathematics major for teachers within one or 
fewer and two years of teaching experience (as in Boyd et al., 2009). However, the final column 
in Table 2 shows that there were some (though not many) teachers who majored in mathematics 
and also had five or fewer years of experience in all five multiply imputed datasets.  
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Table 3 presents the joint distribution of the fourth grade science “treatment” variables 
and the first five values of the teaching experience variable. 
Table 3 
Fourth Grade Science Joint Distributions of Teaching Experience and “Treatment” Variables by 
Multiply Imputed Dataset 
“Treatment” variable Percent years of teaching experience 
Science major 1 or fewer 2 3 4 5 5 or fewer 
MI 1 0.32 0.16 0.16 0.81 0.32 1.78 
MI 2 0.16 0.16 0.16 0.81 0.32 1.62 
MI 3 0.16 0.16 0.16 0.81 0.32 1.62 
MI 4 0.32 0.16 0.16 0.81 0.48 1.94 
MI 5 0.16 0.16 0.16 0.81 0.32 1.62 
Science minor 
     MI 1 0.00 0.00 0.48 0.32 0.32 1.13 
MI 2 0.00 0.00 0.48 0.32 0.48 1.29 
MI 3 0.00 0.00 0.48 0.32 0.32 1.13 
MI 4 0.16 0.00 0.48 0.48 0.32 1.45 
MI 5 0.00 0.00 0.48 0.32 0.32 1.13 
Science content PD 
     MI 1 1.62 1.45 1.62 3.07 2.42 10.18 
MI 2 1.78 1.94 1.29 2.91 2.26 10.18 
MI 3 1.78 1.62 1.94 3.07 2.26 10.66 
MI 4 1.78 1.78 1.45 3.23 2.10 10.34 
MI 5 1.78 2.10 1.29 3.07 2.10 10.34 
Science pedagogy PD 
     MI 1 0.97 1.62 1.45 2.42 2.42 8.89 
MI 2 1.29 1.94 1.13 2.26 2.10 8.72 
MI 3 1.13 1.45 1.29 2.42 2.26 8.56 
MI 4 1.13 1.78 1.29 2.42 2.26 8.89 
MI 5 1.29 1.78 1.13 2.42 2.10 8.72 
MI = multiply imputed dataset. PD = professional development. 
Most notable in Table 3 is that there were no teachers with only one or fewer years of experience 
who also had a science minor in four of five of the multiply imputed datasets. In addition, there 
were no teachers with only two years of experience who also had a science minor in all of the 
five multiply imputed datasets. Such distributions would necessarily preclude examining the 
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differential effects of a science minor for teachers within one or fewer and two years of teaching 
experience (as in Boyd et al., 2009). However, the final column in Table 3 shows that there were 
some (though not many) teachers within a science major who also had five or fewer years of 
experience in all five multiply imputed datasets.  
Table 4 presents the joint distribution of the eighth grade mathematics “treatment” 
variables and the first five values of the teaching experience variable. 
Table 4 
Eighth Grade Mathematics Joint Distributions of Teaching Experience and “Treatment” 
Variables by Multiply Imputed Dataset 
 
“Treatment” variable Percent years of teaching experience 
Mathematics degree 1 or fewer 2 3 4 5 5 or fewer 
MI 1 2.33 1.80 2.51 1.44 3.23 11.31 
MI 2 2.15 1.80 2.87 1.44 2.87 11.13 
MI 3 1.97 1.62 2.51 1.08 2.87 10.05 
MI 4 2.33 1.26 2.51 1.44 2.87 10.41 
MI 5 2.15 1.44 3.05 1.44 3.05 11.13 
Mathematics education degree 
    MI 1 2.51 1.62 2.33 1.62 3.41 11.49 
MI 2 1.97 1.26 2.69 1.80 3.77 11.49 
MI 3 2.15 1.62 2.15 1.62 3.23 10.77 
MI 4 2.51 1.08 1.97 1.62 3.23 10.41 
MI 5 1.97 1.08 1.97 1.80 3.23 10.05 
Mathematics content PD 
     MI 1 2.33 2.51 3.41 3.95 4.85 17.06 
MI 2 1.62 2.15 4.13 3.77 5.03 16.70 
MI 3 1.97 2.33 3.23 3.77 4.67 15.98 
MI 4 2.33 1.80 3.05 3.77 4.31 15.26 
MI 5 1.97 1.97 4.13 4.13 4.49 16.70 
Mathematics pedagogy PD 
     MI 1 2.87 2.33 3.05 3.95 4.49 16.70 
MI 2 2.51 1.97 2.15 3.77 4.67 15.08 
MI 3 2.87 1.97 3.05 3.41 4.49 15.80 
MI 4 3.41 1.62 3.23 3.77 4.49 16.52 
MI 5 2.87 2.15 3.95 4.13 4.31 17.41 
MI = multiply imputed dataset. PD = professional development. 
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Table 4 for grade eight mathematics does not reveal the same joint distributional limitations 
observed with grade four mathematics and science, in part because of the less uneven marginal 
distributions of the “treatment” variables (i.e., more teachers have mathematics or science 
degrees in secondary education). It would be possible to code teaching experience as originally 
planned but this was not ultimately done for reasons described in this section.   
Table 5 presents the joint distribution of the eighth grade science “treatment” variables 
and the first five values of the teaching experience variable. 
Table 5 
Eighth Grade Science Joint Distributions of Teaching Experience and “Treatment” Variables by 
Multiply Imputed Dataset 
“Treatment” variable Percent years of teaching experience 
Any science degree 1 or fewer 2 3 4 5 5 or fewer 
MI 1 0.72 1.81 2.71 2.53 2.89 10.65 
MI 2 1.62 1.81 2.53 2.53 3.43 11.91 
MI 3 1.08 1.99 2.17 2.35 3.43 11.01 
MI 4 1.08 2.17 2.17 2.53 3.79 11.73 
MI 5 1.26 1.26 2.35 2.53 3.61 11.01 
Biology major       
MI 1 0.72 1.44 1.81 1.99 2.17 8.12 
MI 2 1.62 1.62 1.81 2.17 2.71 9.93 
MI 3 0.90 1.62 1.62 1.81 2.35 8.30 
MI 4 1.08 1.81 1.62 1.99 2.89 9.39 
MI 5 0.90 1.08 1.81 1.99 2.71 8.48 
Physics major 
     MI 1 0.00 0.18 0.54 0.54 0.36 1.62 
MI 2 0.54 0.36 0.54 0.36 0.36 2.17 
MI 3 0.00 0.18 0.54 0.36 0.72 1.81 
MI 4 0.00 0.18 0.54 0.36 0.54 1.62 
MI 5 0.18 0.18 0.54 0.54 0.36 1.81 
Chemistry major 
     MI 1 0.54 0.72 0.90 1.08 1.08 4.33 
MI 2 1.08 0.36 0.90 1.44 1.08 4.87 
MI 3 0.72 0.36 0.90 1.08 1.26 4.33 
MI 4 0.72 0.18 1.08 1.08 1.44 4.51 
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Earth science major 
     MI 5 0.72 0.18 1.26 1.26 1.26 4.69 
MI 2 0.36 0.36 1.08 0.18 0.72 2.71 
MI 3 0.18 0.72 0.72 0.36 0.90 2.89 
MI 4 0.00 0.54 0.72 0.72 0.90 2.89 
MI 5 0.36 0.36 0.72 0.54 0.72 2.71 
Science education degree 
     MI 1 0.54 1.26 1.62 1.08 1.99 6.50 
MI 2 0.90 1.44 1.81 1.62 2.17 7.94 
MI 3 0.54 1.99 1.62 1.44 2.35 7.94 
MI 4 1.44 1.44 1.99 1.81 2.53 9.21 
MI 5 1.08 1.26 1.81 1.81 2.35 8.30 
Science content PD 
     MI 1 1.81 2.35 2.89 3.97 3.97 14.98 
MI 2 2.53 2.53 2.53 3.61 4.51 15.70 
MI 3 2.17 2.53 2.17 3.25 4.51 14.62 
MI 4 2.17 2.53 2.53 3.61 4.51 15.34 
MI 5 2.53 2.17 2.71 3.43 4.51 15.34 
Science pedagogy PD 
     MI 1 1.26 2.35 3.25 2.89 3.61 13.36 
MI 2 1.99 2.71 2.89 3.61 3.79 14.98 
MI 3 1.81 2.35 2.35 3.07 4.15 13.72 
MI 4 1.62 2.53 3.07 3.79 4.15 15.16 
MI 5 1.99 2.35 2.71 3.43 3.97 14.44 
MI = multiply imputed dataset. PD = professional development. The “any science degree” 
figures are simple sums of the individual degrees because some individuals reported multiple 
science field degrees. 
 
For any science degree, a degree in science education, and science content- and science 
pedagogy-focused professional development, Table 5 for grade eight science does not reveal the 
same joint distributional limitations observed with grade four mathematics and science where 
there are no teachers in particular cells for some or all multiply imputed datasets. For these 
“treatment” variables, it would be possible to code teaching experience as originally planned. 
However, also notable in Table 5 is that there were no teachers with only one or fewer years of 
experience who also had majored in physics in three of the five of the multiply imputed datasets. 
In addition, there were no teachers with only one or fewer years of experience who also had an 
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earth science major in one of the five multiply imputed datasets. Such distributions would 
necessarily preclude examining the differential effects of a mathematics major for teachers 
within one or fewer versus more years of teaching experience (as in Boyd et al., 2009). 
Fortunately, the final column in Table 5 shows that there were some (though not many) teachers 
who received each “treatment" who also had five or fewer years of experience in all five 
multiply imputed datasets. 
Consequently, teaching experience was operationalized as an indicator variable 
representing whether the teacher has six or more years of experience (with five or fewer years as 
the reference group). While the originally planned coding (i.e., multiple dummy variables) was 
possible for eighth grade mathematics and science, the aforementioned coding was selected for 
consistency (and thus comparability) across grades/subjects. In addition, theory and prior 
research indicated teaching experience effects are limited to five years. Later I present 
supplementary analyses for eighth grade mathematics and science in which teaching experience 
is represented with dummy variables for various years of teaching (in science, this analysis was 
only possible when considering a science degree in general because of the physics major and 
earth science major problems reported earlier). Nonetheless, future research should conduct a 
more nuanced investigation of the third and fourth research questions in eighth grade 
mathematics using multiple teaching experience dummies (e.g., first year or fewer, second year, 
etc…) with data that support such an analysis. 
Teacher knowledge and teaching experience interactions. Of the present study’s four 
research questions, two pertained to differential relationships between teacher knowledge and 
student achievement by teaching experience (i.e., interactions). To answer these two research 
questions, it was necessary to compute additional variables representing these interactions 
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between teaching experience and teacher knowledge. As described in the Analytic Approach 
section, these interactions were later incorporated into statistical models. In general, the 
construction of these interactions involved multiplying each of the indicators of teacher 
knowledge described earlier (e.g., a major in mathematics, a minor in science, recent 
participation in science pedagogy/instruction-focused professional development) with the 
dummy variables representing various lengths of teaching experience. The interactions of teacher 
knowledge and teaching experience were not standardized (Fox, 1997). Certainly, these 
interactions begged concerns about collinearity issues in the subsequent statistical analysis (see 
Darling-Hammond et al., 2005). 
Analytic Approach 
 In this section, I discuss this study’s analytic procedures, including data management, 
multiple imputation, and propensity score and statistical (descriptive and inferential) analyses. 
This study required four different datasets: fourth grade mathematics, fourth grade science, and 
similarly eighth grade mathematics and science. Each of these four datasets comprised both 
student-level and contextual (i.e., teacher, classroom, and school characteristics) data. 
Subsequent to data management procedures, multiple imputation, and propensity score analysis, 
the statistical analyses described in this section incorporated the respective sampling weights. 
The rest of this section is organized around a series of data analysis steps.  
1) Merge TIMSS 2011 Data 
This study created four separate datasets, one for each grade/subject in a two-step process. 
First, the IEA Database Analyzer (International Association for the Evaluation of Educational 
Achievement, 2012) Merge Module allowed the author to merge TIMSS 2011 student, teacher, 
and school data. The IEA Database Analyzer exported SPSS syntax to construct a fourth grade 
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file, and both mathematics and science files for eighth grade. The SPSS syntax automatically 
handles official TIMSS missing data as defined in Foy, Arora and Stanco (2013). For example, 
some variables included values representing that an individual was not administered a particular 
survey question. All variables were automatically re-coded by the SPSS syntax such that invalid 
codes (e.g., not administered) are treated as missing for analysis.  
The second procedure was manually splitting the single fourth grade file constructed by 
the IEA Database Analyzer into separate mathematics and science files, by selecting only records 
with data pertaining to either the mathematics teacher (using the mathematics teacher link, 
MATSUB=1) or the science teacher (using the science teacher link, SCISUBJ=1) for the 
respective dataset. The same procedures were followed for eighth grade with the exception that 
the selections of MATSUB=1 and SCISUB=1 were conducted within the separate mathematics 
and science files created by the IEA Database Analyzer. These MATSUB=1 and SCISUB=1 
selection criteria concomitantly removed cases with teacher sampling weights (MATWGT or 
SCIWGT) that are 0; these individuals would be weighted out of a properly weighted analysis 
(discussed later in this section) (Foy, Arora & Stanco, 2013). These initial four datasets 
contained student, teacher, and school data. Subsequent analytic steps were conducted for each 
grade/subject separately. 
2) Verify Variable Specifications 
While the IEA Database Analyzer automatically generates SPSS syntax to define missing 
values concurrently with merging the datasets, the author verified that the missing data was 
properly specified. This involved running frequencies on all variables to make sure that the 
invalid values were excluded. In addition, the author ensured that the variable types (e.g., scale, 
nominal) were specified correctly, which is necessary for the missing values analysis and 
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multiple imputation (discussed later in this section). Across all grades/subjects, inspection 
revealed that the invalid data were properly excluded by the IDB Database Analyzer and SPSS 
syntax. Furthermore, all variables’ scales of measurement were appropriately defined by the IDB 
Database Analyzer syntax.  
3) Aggregate Student Achievement 
The reader will recall that this study’s propensity score analysis requires a school level 
achievement variable. Such a variable is not directly available for analysis in the TIMSS 2011 
school data. The school level achievement variable was aggregated from the student level (as 
described in Instrumentation). In order to maximize sample size in estimating school level 
achievement, the aggregated school-level achievement variable was computed before selecting 
only students with a single teacher, this study’s sample inclusion criterion. There were no 
missing data for the achievement plausible values for each grade/subject, so this aggregation was 
done prior to the multiple imputation of data. 
4) Investigate Student Characteristics by Number of Mathematics and Science 
Teachers 
One sample inclusion criterion for this study was that a student only has one mathematics 
or science teacher. Only these students were included in the analysis for conceptual reasons, 
namely that interest lies with the characteristics of individual teachers and how they relate to 
student achievement. For each grade and subject, this study systematically compared the 
characteristics of students with more than one mathematics/science teacher to those of their 
counterparts with only one teacher. The purpose of these analyses was to understand if and how 
students with multiple teachers differed from those with only one teacher, as this informs 
understanding of the study’s external validity. 
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There are several reasons why a student may have more than one teacher in fourth or 
eighth grade mathematics or science. For example, it is possible that such a student might exhibit 
an exceptionality in some way (e.g., having a disability, being an English language learner, or 
being deemed “gifted”). These data may also reflect school programming such as co-teaching 
models for mathematics and science instruction. Unfortunately, the available data do not include 
whether a student received pull-out mathematics instruction for remediation or enrichment, or 
whether the school implements a co-teaching model. There can be an extra teacher for either an 
entire group of students or just an individual student.  
Official TIMSS school- and student-level exclusion criteria also govern the students 
ultimately comprising the sample. For example, schools could remove classrooms with all or a 
majority of students with disabilities (SWDs) or English language learners (ELLs). Furthermore, 
once classrooms were selected, the corresponding schools were given the opportunity to remove 
students with exceptionalities (e.g., SWDs with functional and/or intellectual disabilities, or 
ELLs). It bears noting that TIMSS does not allow testing accommodations for SWDs or ELLs 
(Martin & Mullis, 2013). 
These analyses were conducted using the IEA International Database (IDB) Analyzer 
(International Association for the Evaluation of Educational Achievement, 2012), and AM 
Statistical Software (Cohen et al., 2002). Using the Analysis Module of the IDB Analyzer, the 
first step was to understand the distributions of the respective NXTEACH variables for each of 
the four grades/subjects. NXTEACH is a generalized name used in this study for the official 
TIMSS 2011 variables representing how many teachers a student has for mathematics (officially, 
the variables are NMTEACH for mathematics where the M signifies mathematics, and 
NSTEACH for science where the S signifies science). The IDB Analyzer Analysis Module 
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automatically accounts for the complex sampling design of TIMSS 2011 in the calculation of 
standard errors (see International Association for the Evaluation of Educational Achievement, 
2012), which is given treatment in other sections of this manuscript.19 The second step was to 
compare the characteristics of students with different numbers of mathematics or science 
teachers.  
The distributions of the NXTEACH variables across the four grade/subject combinations 
are shown in Table 6. This analysis showed that no sampled eighth grade student had more than 
one mathematics teacher. In grades four mathematics and science, nearly all students had a single 
mathematics or science teacher (nearly 100 percent in both subjects). In eighth grade science, 
again nearly all students had a single teacher. No student had more than three teachers in fourth 
grade (or more than two teachers in grade eight science). Since the relative frequencies of having 
two or three teachers is small (about one percent or less), for analytic purposes I then collapsed 
the original NXTEACH variables such that 1=one teacher and 2=having two or more teachers. 
Table 6 
Distributions of NXTEACH Variables 
Dataset N Percent Standard error 
Grade 4 mathematics    
1 12504 98.98 .72 
2 128 1.02 .72 
3 3 .01 .01 
Grade 4 science    
1 12519 99.69 .19 
2 98 .3 .19 
3 3 .01 .01 
Grade 8 mathematics    
1 10477 100.00 .00 
Grade 8 science    
1 10304 99.62 .19 
2 78 .38 .19 
                                                 
19 IDB Analyzer excluded missing data from analysis. 
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 The analysis then turned to examining bivariate relationships between the number of 
mathematics/science teachers a student has and other student characteristics. These 
characteristics included overall achievement in the respective subject (mathematics or science), 
socioeconomic background, liking of the respective subject, and sex—the student level variables 
to be included in the statistical analysis. The analyses compared the achievement, liking of the 
subject, and socioeconomic background means for those with one or more than one teacher (for 
each grade/subject). The analyses also compared the relative frequencies of males and females 
who have one or more than one teacher. These analyses were conducted using AM Statistical 
Software, incorporating TIMSS 2011 sampling design variables (i.e., IDCLASS and 
MATWGT/SCIWGT).20 
 Table 7 presents a summary of the relationship between NXTEACH and the three 
continuous student-level variables examined in this study for each grade/subject. The only 
variables that were statistically distinguishable with respect to NXTEACH were the number of 
home possessions and liking of the subject for fourth grade mathematics. Students with more 
than one teacher had more home study supports, on average, and liked the subject less on 
average than their counterparts with only one teacher. These findings are difficult to interpret, as 
one might hypothesize that lower levels of home study supports and lower levels of liking a 
subject might go hand-in-hand. Here the data show the opposite pattern. Since the magnitudes of 
the mean differences are not inherently interpretable, Table 7 also presents standardized mean 
differences (i.e., Cohen’s d). In general, the sample mean differences are small in magnitude. 
One exception was the fourth grade mathematics difference in liking of mathematics, which was 
larger (d=.62). 
                                                 
20 The IDB Analyzer and HLM software were used to corroborate results and substantive 
conclusions.  
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Table 7 
Relationships between Student-level Continuous Variables and NXTEACH Variable 
 Achievement Socioeconomic status  Liking of mathematics/science 
Dataset M SE 
(M) 
SD SE 
(SD) 
Mean 
comparison 
M SE 
(M) 
SD SE 
(SD) 
Mean 
comparison 
M SE 
(M) 
SD SE 
(SD) 
Mean 
comparison 
Grade 4 
mathematics 
- - - - z=.88, 
d=.16 
- - - - t=5.29***, 
d=.30 
- - - - t=-3.05**, 
d=.62 
1 540.52 1.83 75.66 1.10 - 1.58 0.01 0.61 0.01 - 9.71 0.04 2.18 0.02 - 
2 or more 552.85 11.10 66.07 6.40 - 1.75 0.02 0.46 0.03 - 8.37 0.31 2.15 0.16 - 
Grade 4 
science 
- - - - z=.41, 
d=.10 
- - - - t=-.19, 
d=.03 
- - - - t=-1.74, 
d=.17 
1 543.82 2.07 78.83 1.18 - 1.58 0.01 0.61 0.01 - 9.99 0.04 2.16 0.02 - 
2 or more 551.4 19.09 58.00 11.29 - 1.56 0.08 0.60 0.07 - 9.63 0.18 2.32 0.04 - 
Grade 8 
mathematics 
- - - - - - - - - - - - - - - 
1 - - - - - - - - -  - - - - - 
Grade 8 
science 
- - - - z=.36, 
d=.09 
- - - - t=-.24, 
d=.06 
- - - - t=.09, 
d=.01 
1 524.81 2.57 81.31 1.56 - 10.88 0.04 1.78 0.02 - 9.59 0.04 2.07 0.02 - 
2 or more 532.29 32.32 75.01 11.33 - 10.78 0.63 1.46 0.23 - 9.62 0.37 2.12 0.51 - 
Note. M = mean. SD = standard deviation. SE = standard error (for either mean M or standard deviation SD). NMTEACH was a 
constant within the eighth grade mathematics sample. Significance tests for the relationship between achievement and NXTEACH 
were conducted using the five respective plausible values. Cohen’s d strength-of-effect measures (shown in absolute value) were 
calculated using Wilson’s (2001) Excel macro. *p<.05. **p<.01. ***p<.001. 
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 Table 8 shows the relationship between NX teach and student sex.  
Table 8 
Relationship between Student Gender Variable by NXTEACH Variable 
 Female Male Significance 
test 
Dataset Percent SE Percent SE  
Grade 4 
mathematics 
- - - - t=-1.42 
1 50.72 0.49 49.28 0.49 - 
2 or more 47.51 1.70 52.49 1.70 - 
Grade 4 
science 
    t=-2.91** 
1 50.71 0.48 49.29 0.48 - 
2 or more 41.80 2.79 58.20 2.79 - 
Grade 8 
mathematics 
- - - - - 
1 - - - - - 
Grade 8 
science 
- - - - t=-1.35 
1 50.98 0.56 49.02 0.56 - 
2 or more 42.80 7.21 57.2 7.21 - 
Note. NMTEACH was a constant within the eighth grade mathematics sample. Significance tests 
conducted using the logistic regression procedure in AM Statistical Software, taking into account 
clustering and respective sampling weights. *p<.05. **p<.01. ***p<.001. 
 
There was a relationship between gender and NXTEACH in fourth grade science such that 
student with more than one teacher were significantly more likely to be male. 
The sporadic and inconsistent (across grades/subjects) relationships between NXTEACH 
and other student-level variables do not lend clear-cut evidence as to if and how students with 
multiple teachers differ from their counterparts with only one, at least with respect to the data 
considered in this study. Of course, if and how these students differ from one another could vary 
from grade-to-grade and subject-to-subject, but the available TIMSS 2011 data preclude 
understanding possible differences. For example, there are no direct measures of whether a 
student participates in remedial or enrichment coursework.  
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 For grades four mathematics and science, and eighth grade science, the researcher also 
examined whether the students with multiple teachers were all in the same class or school. To do 
this, I first examined the distribution of NXTEACH within each class (as defined by IDCLASS). 
When all students in the same class have multiple teachers, this could indicate that this whole 
class is taught using a co-teaching model. Given that schools were given the opportunity to 
remove entire classes with exceptionalities, such an explanation is perhaps more plausible than 
the class comprising students with exceptionalities in a traditional sense (assuming that schools 
implemented the sampling design with fidelity). In grades four mathematics and science, there 
were some classes in which all students had more than one teacher for the respective subject, and 
there were some classes in which some students had one teacher and others had more than one. 
In eighth grade science, there were no classes in which all students had multiple teachers, only 
classes in which some students had one teacher and some had more than one. For the most part, 
however, students with multiple teachers are in classes in which only some students have 
multiple teachers.  
I also examined the distribution of NXTEACH within each school (as defined by 
IDSCHOOL). When all students in the same school have multiple teachers, this could also 
indicate the presence of a school wide co-teaching model. Given that schools serving large 
shares of students with disabilities and English language learners, such an explanation is perhaps 
more plausible than the entire school comprising students with such exceptionalities (assuming 
that schools implemented the sampling design with fidelity). Then again, there are no TIMSS 
2011 direct measures of whether classes (or schools) participate in co-teaching models. There are 
other explanations that cannot be ruled out using the available data. In grades four mathematics 
and science, there were some schools in which all students had more than one teacher for the 
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respective subject. There were also some classes in which some students only had one teacher 
and others had more than one. In eighth grade science, there were no schools in which all 
students had multiple teachers, only classes in which some students had one teacher and some 
had more than one. For the most part, however, students with multiple teachers are in schools in 
which only some students have multiple teachers.  
The author also examined distributions of the primary independent variables when 
excluding individuals with more than one teacher. This initial inspection of the TIMSS 2011 
sample data (NXTEACH=1 only) showed variation in the primary independent variables across 
grades/subjects. Inspection of the data also showed variation in teaching experience across 
datasets that allows for the construction of dummy variables for teaching experience as described 
in Instrumentation. 
Ultimately, the researcher decided to select for analysis only students with one teacher for 
each subject, in recognition of possible threats to external validity (as investigated earlier). This 
was conducted because the relative frequencies of students with more than one teacher were 
small or zero across/grades subjects, and the analyses reported earlier largely suggest that they 
are similar to their counterparts with one teacher. In doing so, each student was linked to a single 
teacher (and the corresponding classroom and school context), which is conceptually coherent 
with the proposed study’s research aims. Given the evidence presented earlier about multiple 
teachers for entire classes or schools versus for individual students only, some entire schools will 
be excluded with the implementation of the NXTEACH=1 rule, and in eighth grade some entire 
classes will also be excluded with the NXTEACH=1 rule. These caveats warrant restrictions on 
the generalizations made from this study such that inferences should not be made to students 
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with more than one teacher, but additionally students in classes or schools in which all students 
have multiple teachers for a given grade/subject. 
5) Unmerge Data 
After investigating the characteristics of those students with more than one 
mathematics/science teacher, the author included only students where NMTEACH=1 
(mathematics) or NSTEACH=1 (science) (with others removed from the data as well as their 
corresponding teacher and school data). After removing students with more than one 
mathematics or science teacher, respectively, each of the four combined files were split into two 
separate files. They represented the two levels of data for each grade/subject that were analyzed 
in conjunction within a multilevel modeling framework, level-1 (student) and level-2 
(teacher/classroom/school).  
6) Examine Missing Data 
The study separately investigated the scope and nature of missing data at the student and 
teacher/classroom/school levels—missing completely at random, missing at random, or not 
missing at random—using the SPSS Missing Values Analysis procedure (IBM Corporation, 
2012). These analyses included examination of differences in each study variable (e.g., means, 
percentages) by indicators representing whether an individual has a missing value for each other 
study variable in the dataset. These analyses also investigated the degree of missing data across 
the dataset for individual cases. 
For each grade/subject/level of the data, I also conducted Little’s (1988) formal test for 
whether the data are Missing Completely at Random (MCAS) using the SPSS Estimation 
Maximization procedure. This test was conducted on all analysis variables, continuous and 
categorical, within the respective datasets. The null hypothesis for this test is that the data are 
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MCAS; if the null hypothesis is rejected, missing values analyses in SPSS (IBM Corporation, 
2012) was then used to understand whether the missing data are better characterized as missing 
at random (MAR) or not missing at random (NMAR). Regardless of conclusions about the 
nature of the missing data, multiple imputation (discussed later in this section) was used in a 
subsequent step to maximize the Ns for statistical power reasons. 
At this stage of the data analysis, the researcher identified an issue with the coding of the 
data exported by the IDB Analyzer. Specifically, variable values for some level-1 data (both 
continuous and categorical) that were in fact the same (e.g., 1) were treated by SPSS as 
representing different categories. The problem was particularly evident in grade eight science. 
While this did not affect descriptive statistics for the continuous variables, this posed problems 
for the later use of SPSS to re-code categorical variables to dummy variables as well as the 
continuous teaching experience variables to dummy variables. This problem was eliminated by 
manually manipulating the data such that all values that are identical were in fact recognized by 
SPSS as such. When inspecting descriptive statistics after the multiple imputation, the author 
encountered a similar problem, which was handled in the same fashion.  
For the subsequent multiple imputation procedure, I imposed the following constraints in 
order to prevent the imputation of impossible or implausible values. Constraints were imposed 
only for imputation in the level-2 datasets. Specifically, across all grades and subjects, I specified 
a minimum of 0 for teaching experience, and 1 for both school size and class size. In addition, 
for grade eight science, I constrained the course emphases (Biology, Chemistry, Physics, and 
Earth Science) have a minimum value of 0 and maximum value of 100 since those are the lower 
and upper bounds for percentages. 
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7) Multiply Impute Data 
This study used multiple stochastic imputation procedures to handle missing data, 
creating five separate student and teacher/classroom/school datasets for analysis using SPSS 
(Allison, 2002; IBM Corporation, 2012; Little & Ruben, 1987). Sophisticated imputation 
procedures such as multiple imputation improve the efficiency of estimates, preserve power and 
help mitigate bias. Multiply imputed datasets also maintain the same variance as the original data. 
The analytic implications of using multiple imputation are discussed at the end of this section. 
The use of multiple imputation notwithstanding, it is recognized that there may still be some 
downward bias in the standard errors; Bayesian techniques can be used in future research to 
mitigate such bias. 
The author used SPSS missing data diagnostic information about most optimal algorithm 
to use (e.g., regression, ML) IBM Corporation. (2012). The specific multiple imputation 
approach employed for all datasets was fully conditional specification in which each variable is 
imputed by modeling it as a function of all the other available variables.21 All analysis variables 
(both quantitative and qualitative) in the respective dataset were input to the missing data model, 
because overall predictive power is all that matters and collinearity issues were not of concern. 
SPSS multiple imputation handles nominal, ordinal and scale variables (IBM Corporation, 
2012)—all of which were present in the data. 
Multiple imputation was conducted on all variables as originally scaled with missing 
values defined. Standardization of variables was conducted later. I multiply imputed original 
categorical data rather than dummy variables. Interactions were also not imputed (but instead 
were derived later from imputed continuous and categorical variables). Since all variables were 
                                                 
21Initiation values for the random number generator were saved to allow for replication. 
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taken directly from the TIMSS 2011 dataset (original or transformed scales), only indicator-level 
data imputation, but not item-level data, were imputed.  
During the multiple imputation procedure, the author encountered several errors. The first 
error occurred because only one individual endorsed one category of the highest level of 
education variable. Ultimately, the intended treatment of this variable was an indicator variable 
representing whether the teacher has an advanced degree or higher (with all other teachers as the 
reference group). This category that was endorsed by only one person would ultimately have 
become a 0 after dummy coding. For multiple imputation purposes then, this single response was 
recoded manually as falling in the other category that was less than an advanced degree and 
would ultimately be coded 0 as well, which remedied the issue.   
 During the multiple imputation for grade eight science, the multiply imputation algorithm 
failed. Inspection of the data showed that this may have occurred because of univariate outliers 
on the course emphasis variables. As a solution, constraints were first imposed on these variables 
to restrict imputations to the middle 95, 90, 85 percent of the distributions of these variables in 
the sample data (windsorization). However, these constraints did not allow multiple imputation 
to proceed. Given the complexity of the missing data model, as a second possible solution to this 
problem I subsequently increased the maximum number of case draws from 50 to 100 and the 
maximum number of parameter draws from 2 to 4 which remedied this problem. After successful 
completion of the multiple imputation procedure, the author manually verified that there were no 
remaining missing data and that all imputed variables were within the plausible ranges (e.g., 
between 0 and 100 for percentage variables). When analyzing multiply imputed data, the analyst 
must conduct analyses separately for each multiply imputed dataset and then combine them. I 
describe later in this section how results were combined (Rubin, 1987). 
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8) Create Dummy Variables 
 The next step was the derivation of dummy variables as described earlier in the Variables 
and Measures section. For example, this study required dummy variables for participation in 
professional development, being a female teacher, being a female student, and a teacher’s 
possession of an advanced degree. A general science major dummy variable (representing any 
science minor degree) was constructed for eighth grade science as well. The (unstandardized) 
continuous teaching experience variable was also re-coded at this point into a dummy variable 
representing whether a teacher has more than five years of teaching experience. For eighth grade 
mathematics and science, dummy variables for having one or fewer, two, three, four, and five 
years of teaching experience were also computed. While dummy variables were created in the 
dataset that contained all five multiply imputed data sets for convenience, the standardization of 
variables and the computation of interactions were conducted separately for each multiply 
imputed dataset. 
9) Split Multiply Imputed Data 
The SPSS missing values procedure (IBM Corporation, 2012) produces a single file 
containing the original dataset, and the (in this case five) multiply imputed datasets. In order to 
prepare the data for additional data management and manipulation, propensity score analysis, as 
well as the descriptive and inferential statistical analyses, the next step was to split the SPSS-
generated student and teacher/classroom/school files containing all of the imputed data into five 
separate student and teacher/classroom/school datasets. The original (and incomplete) student 
and teacher/classroom/school datasets were discarded. 
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10) Standardize Continuous Variables 
Before analysis, the outcome (i.e., achievement plausible values) and all continuous 
level-1 predictors were standardized, which is convenient for interpretive and statistical reasons. 
Standardizing the continuous independent variables and the dependent variables also allow 
relationships to be interpreted in meaningful standard deviation units that are comparable across 
predictors and models. The continuous level-1 predictors were also standardized to reduce the 
potential for covariance among any random components (and resultant model instability). When 
the dependent variable is standardized, a dummy variable coded 0-1 can be interpreted as the 
predicted outcome difference associated with that group difference in standard deviation units. 
Continuous predictors at level-2 (e.g., class size, teaching experience, school size, percent 
economically disadvantaged, science course emphases) were also standardized for interpretive 
purposes. Dummy variables and (later) interaction terms were not standardized (Fox, 1997). 
11) Compute Interactions 
Separately within each level-2 multiply imputed dataset, the author then computed the 
interaction required to address the research questions. The eighth grade mathematics and science 
analyses required more interactions than in fourth grade because there were supplementary 
models in which teaching experience was broken down into each of the first five years (both 
subjects at eighth grade); major was broken down by field (science only); and major was 
investigated in the context of the curricular emphasis (science only). For fourth grade 
mathematics, the following interactions were computed: 
 Mathematics major by five or fewer years of teaching experience;  
 Mathematics minor by five or fewer years of teaching experience; 
 Mathematics content professional development (PD) by five or fewer years of teaching 
experience; and 
 Mathematics pedagogy PD by five or fewer years of teaching experience. 
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For fourth grade science, the following interactions were computed: 
 Science major by five or fewer years of teaching experience; 
 Science minor by five or fewer years of teaching experience; 
 Science content PD by five or fewer years of teaching experience; and 
 Science pedagogy PD five or fewer years of teaching experience. 
 
For eighth grade mathematics, the following interactions were computed: 
 Mathematics major by five or fewer years of experience; 
 Mathematics education major by five or fewer years of experience; 
 Mathematics content PD by five or fewer years of experience; 
 Mathematics pedagogy PD by five or fewer years of experience; 
 Mathematics major by one year of experience; 
 Mathematics major by two years of experience; 
 Mathematics major by three years of experience; 
 Mathematics major by four years of experience; 
 Mathematics major by five years of experience; 
 Mathematics education major by one year of experience; 
 Mathematics education major by two years of experience; 
 Mathematics education major by three years of experience; 
 Mathematics education major by four years of experience; 
 Mathematics education major by five years of experience; 
 Mathematics content PD by one year of experience; 
 Mathematics content PD by two years of experience; 
 Mathematics content PD by three years of experience; 
 Mathematics content PD by four years of experience; 
 Mathematics content PD by five years of experience; 
 Mathematics pedagogy PD by one year of experience; 
 Mathematics pedagogy PD by two years of experience; 
 Mathematics pedagogy PD by three years of experience; 
 Mathematics pedagogy PD by four years of experience; and 
 Mathematics pedagogy PD by five years of experience. 
 
For eighth grade science, the following interactions were computed: 
 Any science degree by five or fewer years of experience; 
 Biology major by five or fewer years of experience; 
 Earth science major by five or fewer years of experience; 
 Chemistry major by five or fewer years of experience; 
 Physics major by five or fewer years of experience; 
 Science education degree by five or fewer years of experience; 
 Science content PD by five or fewer years of experience; 
 Science pedagogy PD by five or fewer years of experience; 
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 Biology major by biology emphasis; 
 Earth science major by earth science emphasis; 
 Chemistry major by chemistry emphasis; 
 Physics major by physics emphasis; 
 Any science degree by one year of experience; 
 Any science degree by two years of experience; 
 Any science degree by three years of experience; 
 Any science degree by four years of experience; 
 Any science degree by five years of experience; 
 Science education degree by one year of experience; 
 Science education degree by two years of experience; 
 Science education degree by three years of experience; 
 Science education degree by four years of experience; 
 Science education degree by five years of experience; 
 Science content PD by one year of experience; 
 Science content PD by two years of experience; 
 Science content PD by three years of experience; 
 Science content PD by four years of experience; 
 Science content PD by five years of experience; 
 Science pedagogy PD by one year of experience; 
 Science pedagogy PD by two years of experience; 
 Science pedagogy PD by three years of experience; 
 Science pedagogy PD by four years of experience; and 
 Science pedagogy PD by five years of experience. 
 
The course emphasis variables used to create the degree field by course emphasis interactions 
were standardized (multiplying the standardized course emphasis variables by the respective 
unstandardized degree field variables). Interactions computed from two dummy variables use the 
unstandardized dummy variables. 
12) Examine Descriptive Statistics  
The next step was to examine descriptive statistics. Because TIMSS offers a 
representative population of students, and not teachers, all descriptive statistics were conducted 
and are reported here at the student level (Foy, Arora & Stanco, 2013). For example, rather than 
the proportion of teachers who majored in mathematics, the descriptive statistic would reflect the 
proportion of students with a teacher who majored in mathematics. In order to conduct the 
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descriptive statistical analyses at the student level, for each grade/subject I merged each pair of 
multiply imputed level-1 and level-2 datasets to create five combined datasets. AM Statistical 
Software (Cohen et al., 2002) was then used to conduct descriptive analyses for all variables 
(levels-1 and -2), properly accounting for sample design variables (i.e., IDCLASS for clustering 
and MATWGT/SCIWGT for weighting) (Foy, Arora & Stanco, 2013). As with all analyses in 
this study, this analysis did not require normalization of the weights because MATWGT and 
SCIWGT are based on TOTWGT, which is normalized.  
 Descriptive statistics were calculated separately for each of the five combined (level-1 
and level-2) multiply imputed datasets, and then were pooled across the five multiply imputed 
datasets to create single estimates. The sample means reported later reflect the arithmetic average 
of each variable’s mean across each of the five multiply imputed datasets. The standard errors 
(for the means) were calculated manually from their respective within and between imputation 
components, using the same formulae discussed later in the context of pooling the inferential 
statistical results. Standard deviations were similarly calculated by taking the arithmetic mean of 
each variable’s standard deviation from across the five multiply imputed datasets.   
After calculating the descriptive statistics, they were first examined to determine whether 
there were any implausible values (e.g., a value of two for a dummy variable). I also inspected 
the distributional properties of all variables. For example, I verified the normality of each of the 
response variable, which was likely given the data source. All of the outcome variables were 
unremarkable in terms of the normality of the distributions. In the event that a variable was 
distributed non-normally, transformations were to be implemented to corroborate results 
observed when a transformation was not employed. Inspection of histograms for all continuous 
variables did not warrant to the author the implementation of transformations. 
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13) Conduct Correlation Analyses  
After examining the univariate distributions of the variables, the author then examined 
the relationships among the variables in each dataset. Given the number of primary independent 
variables, and the possible interactions among them, correlational analyses were important in the 
identification of possible multicollinearity issues. All correlation analyses were conducted at the 
student level in AM software (Cohen et al., 2002) and incorporated TIMSS 2011 sampling 
design clustering (IDCLASS) and weighting (MATWGT/SCIWGT) variables (Foy, Arora & 
Stanco, 2013). These analyses used the same five merged level-1 and level-2 multiply imputed 
datasets as did the descriptive statistical analyses. For each grade/subject dataset, the author 
conducted correlation analyses for each multiply imputed dataset and took the arithmetic mean 
of each correlation across the five datasets to yield the pooled correlations reported herein.    
14) Conduct Propensity Score Analysis 
To further strengthen internal validity (i.e., mitigate selection biases) and augment the 
rigor for replication of the “effects” of teacher knowledge on student achievement, I employed 
propensity score analysis (PSA). PSA allows a statistical analyst to account for the probability 
that an individual receives a particular “treatment” (and thus other characteristics associated with 
the receipt of that “treatment”). For this study, propensity scores for the primary independent 
variable “treatments” (e.g., probability of a mathematics major) were included as covariates in 
the statistical models described later in addition to primary independent variables themselves 
(e.g., mathematics major). This research design element pertains to all four research questions, 
since all incorporate content and/or pedagogical content knowledge “treatments”. PSA was 
performed for all grades/subjects. 
 105 
This PSA was framed as, “Which if any teacher/school characteristics are associated with 
a student having a teacher with a major/minor in the subject, or subject matter pedagogy (or who 
has had subject or subject matter professional development in the last two years)?” Variables 
used in creating the propensity scores were selected on the basis of logical analysis, theory and 
prior research. Across all grades/subjects, the author identified a common set of variables for 
computing the propensity scores. These variables included teacher-level characteristics and 
general school characteristics, the latter of which were both directly measured and aggregated 
from the student level (e.g., school achievement average, and school overall student 
socioeconomic background). The teacher characteristic reflected in the propensity scores 
accounted was sex, which is a well-known predictor of STEM degree achievement/attainment 
(e.g., Crisp, Nora, & Taggart, 2009). The variables measured directly at the school level were 
three official TIMSS 2011 contextual scales: Instruction Affected by Mathematics/Science 
Resource Shortages (MRS/SRS); Safe and Orderly School (SOS); Teacher Working Conditions 
(TWC). I also aggregated student achievement to the school level as described earlier in the 
Analytic Approach section.  
The school-level covariates used to construct the propensity scores reflect characteristics 
of schools that may be associated with general teacher quality (i.e., a possible confound variable 
in this study). This propensity score analysis makes assumptions that these measures capture 
general working conditions, which permeate hiring practices, and thus which teachers ultimately 
end up working in the school. This study’s propensity score analysis (PSA) plausibly violated the 
assumption that the variables used to create propensity scores are fixed and/or measured before 
the “treatment.” However, the PSA in this study included relatively fixed characteristics included 
on the basis of a theoretical/logical rationale. The school measures included generally do not 
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reflect the characteristics of the current teachers, rather they represent relatively stable school 
characteristics. As a counterexample, the Teachers Career Satisfaction (TCS) scale was excluded 
from the PSA because it pertained to each individual respondent per se. Crucially, the factors 
that were input to the PSA were not plausibly amenable to change by teachers and were not 
caused by teachers having a particular type of knowledge.  
For each grade/subject/multiply imputed dataset, the estimation of the propensity scores 
was conducted in SPSS (IBM Corporation, 2012) by running a separate logistic/ordinal 
regression analysis on each “treatment” variable within the level-2 dataset in which that variable 
was modeled as a function of the variables described earlier. All variables were input to the 
propensity score models because collinearity was not a concern, and all variables were entered 
into the model concurrently because only the overall model was of interest. The exact same PSA 
logistic regression model (i.e., variables included in the model) was estimated for all “treatment” 
variables, and across all grades/subjects. The predicted probability of group membership for a 
particular “treatment” variable was exported from SPSS software. Ultimately, the predicted 
probabilities of group membership (i.e., propensity scores) were included in the statistical 
models in addition to usual controls/covariates. The propensity scores, level-2 variables, were 
not centered because centering at level-2 is less important in multilevel modeling and 
interpretation of the intercept was not of interest. Not centering the propensity scores did result in 
an implausibly low intercept in the multilevel models with the “treatments” and propensity 
scores included.  
15) Conduct HLM Analyses (Weighted) 
For each outcome/subject/grade separately, two-level hierarchical linear models (HLM) 
brought statistical evidence to bear on the study’s research questions. Separate analyses are 
 107 
warranted for each grade/subject/outcome, as teacher content and pedagogical content 
knowledge effects, and their interactions with teaching experience, may not operate consistently 
across subjects/grades/outcomes. In what follows, I describe the rationale for and process of 
using HLM in this study. While this study conducted separate HLM analyses for each 
grade/subject/outcome, these analyses are given treatment here in a unified manner because they 
were similar. 
The complex stratified, two-stage cluster probability proportional to size sampling design 
of TIMSS poses statistical challenges for researchers (Rutkowski et al., 2010). Most notably, the 
cluster aspect of the design (and more generally the organization of the educational system) 
wherein students are nested within classrooms which are in turn nested within schools results in 
a data structure that is hierarchical, or nested, in nature (Bryk & Raudenbush, 1992; Raudenbush 
& Bryk, 2002). When data are nested, they may not meet ordinary least squares regression 
analysis’s assumption that errors are independent. In such cases, hierarchical linear modeling 
(HLM), in which multiple levels of data are analyzed concurrently, is necessitated. 
This study explicitly accounted for the multi-level nature of TIMSS data. Given the 
particular TIMSS sampling design within the U.S. (only two classrooms22 sampled within each 
school), the classroom/teacher/school levels are confounded and so only two levels of data are 
possible for statistical purposes. Therefore, the level-1 unit of analysis was students and the 
level-2 unit of analysis was classrooms, recognizing that outcome variation attributable to 
classroom-level factors was confounded with school-to-school differences as well as differences 
                                                 
22 Two mathematics classrooms were selected with equal probability within each participating 
school. Each classroom in the sampling frame for each school was either an intact, existing 
classroom with at least 15 students or a “pseudo-classroom” comprising multiple classrooms 
with small numbers of students (Foy et al., 2013; Martin & Mullis, 2013). 
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related to any other higher-order organizational units that are unmeasured (e.g., districts, or 
states).  
Another analytic complexity in using TIMSS data, due to the use of matrix sampling, is 
that the mathematics and science achievement variables (both scales and subscales) for each 
student are each characterized by a set of five plausible values (PVs) drawn from each student’s 
posterior distribution of proficiency scores given item responses and conditioning variables. Five 
is the minimum number of PVs that deal with the uncertainty in the measurement (Foy, Arora & 
Stanco, 2013). The incorporation of all five such plausible values in a statistical analysis requires 
an additional step on the part of secondary analysts, as discussed next. 
HLM 7 software (Raudenbush & Bryk, 2002) estimated this study’s multilevel models, 
with full maximum likelihood estimation. Maximum likelihood estimators select the value for 
population parameters that are most likely given the observed data. Asymptotically, maximum 
likelihood estimation provides unbiased estimates (McCoach, 2010). For this study, as variance 
estimates I used the robust standard errors because the number of clusters is large (Raudenbush 
& Bryk, 2002). Importantly, HLM software accommodates plausible values as the outcome 
variable, such as with TIMSS, by averaging parameter estimates across the PVs and calculating 
the proper standard errors (see Raudenbush, Bryk, Cheong, & Congdon, 2004). HLM software 
also accommodates and automatically normalizes sampling weights, such that the analysis 
reflects the actual sample size.23 As noted earlier, this study’s HLM analyses included at level-1 
(the student level) the sampling weights appropriate for the analyses, i.e., MTHWGHT or 
SCIWGHT (Foy, Arora & Stanco, 2013). 
                                                 
23 In the case of TIMSS, normalization is not required because MATWGT and SCIWGHT are 
based on TOTWGT, which sums to the sample size (Foy, Arora & Stanco, 2013). 
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The reader will recall that this study also utilized multiple imputation. HLM software 
does not handle simultaneous analysis of multiply imputed datasets and plausible values for the 
outcome. Thus, separate analyses were conducted for each multiply imputed dataset. In the next 
major section, I discuss how these results were then pooled. In what immediately follows, I 
discuss how identical sets of analyses were conducted for each multiply imputed dataset. In 
addition, the examination of model fit with the deviance statistic is not available for nested 
model testing in HLM when using sampling weights (Raudenbush & Bryk, 2002). 
Before importing the data into HLM, I deleted non-analysis variables and modified 
variables names so that they were at most eight characters.24 For each grade/subject, one multiply 
imputed set of level-1 and level-2 data files was first imported to HLM software. Upon the 
import of these two files, descriptive statistics were compared with those computed outside of 
HLM in SPSS (IBM Corporation, 2012) in order to ensure that the files were imported correctly. 
The next step was to apply the sampling weight, and indicate each of the five plausible values 
characterizing the outcome.  
As introduced earlier, nested data, such as those collected by TIMSS, often need be given 
an HLM rather than ordinary least squares statistical treatment. Analysis of hierarchically 
structured data using traditional OLS regression analyses can grossly underestimate standard 
errors, inflating the Type I error rate above the nominal level (a so-called design effect). Whether 
logical/organizational nesting translates to empirical nesting and thus a design effect, however, is 
an empirical question that must be addressed in advance of a statistical analysis. Therefore, the 
first step in the HLM analyses was to calculate the proportion of variance in the outcome that is a 
                                                 
24 The software reported an error when importing one dataset that occurred because a variable’s 
name was too long; shortening the name solved the problem. 
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function of teacher-to-teacher (and classroom/school) differences—termed the unconditional 
intraclass correlation coefficient (ICC)—defined by the variable IDCLASS. If the ICC is greater 
than zero, then a (sampling) design effect is said to exist. 
 For this study, the ICC was estimated using an unconditional 2-level hierarchical linear 
model (HLM), which contained no predictor variables (shown in Appendix). In a two-level HLM, 
one can partition the total variance into two components, the variability within clusters ( ̂2) and 
the variability among clusters ( ̂  ). The intraclass correlation ( ̂) measures the degree of 
dependence among individuals within clusters (here, teachers/classrooms/schools). The intraclass 
correlation (in the case of a two-level model) is the proportion of response variable variability 
that exists between clusters: 
 ̂  
 ̂
 ̂   ̂ 
 
where  
 ̂ = the estimated intraclass correlation; 
 ̂   = the estimated within-cluster variation in the criterion variable; 
 ̂  = the estimated between-cluster variation in the criterion variable; and 
 ̂    ̂
  = the estimated total variation in the criterion variable. 
One can also conceive the intraclass correlation as the degree to which one can expect 
correlations among the residuals in a traditional analysis of the data. The intraclass correlation 
( ̂), then, sheds light on the degree to which one might violate the independent errors assumption 
of OLS regression, which can deflate standard errors, and increase the nominal Type I error rate. 
All else being equal, the extent to which there is empirical nesting as indicated by the intraclass 
correlation coefficient, if any, is positively related to the degree of artificial deflation of the 
standard errors (i.e., design effect).  
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When observations are clustered and not independent (i.e., there is a non-zero intraclass 
correlation), then the analyst is actually provided with less information than would be the case 
under simple random sampling. In HLM terminology, the effective sample size, or the number of 
independent pieces of information is (or may be) smaller than the actual sample size. The 
effective sample size is calculated from the design effect, which represents the effect of the 
empirical clustering on the standard error of the regression coefficient. The intraclass correlation 
and the number of individuals within clusters affect the magnitude of the design effect (the effect 
of the intraclass correlation coefficient on the standard errors depends on the number of 
individuals within cluster). The design effect is given by the formula: 
Design effect =   (   ) ̂ 
where  
n = the average number of individuals within a cluster, and 
 ̂ = the intraclass correlation coefficient. 
The interpretation of a design effect of (say) 3 is that the sample (error) variance is actually 3 
times larger than if the study had the same sample size but was obtained through simple random 
sampling. 
The effective sample size, then, is given by the formula 
Effective sample size = 
 
  (   ) ̂
 
where 
N = the actual number of individuals available for analysis, and 
  (   ) ̂ = the design effect. 
The effective sample size, not the actual sample size, is the sample size that ultimately bears on 
the amount of statistical power one has in an analysis. 
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Analyses reported later demonstrated non-zero intraclass correlations (ICCs) and a design 
effect in TIMSS data for all grades/subjects/achievement outcomes examined in this study. Thus, 
multilevel modeling, which properly handles the complex error structure of nested data, is 
warranted and was used in this study to calculate the proper standards error. These non-zero 
ICCs also indicate that there is in fact cluster-to-cluster variation to be explained by variables at 
the second level of the data hierarchy (teachers/classrooms/schools) which were of substantive 
interest for this study. 
After estimating the unconditional model with no predictors, the level-1 (student-level) 
model was the initial focus of the model building process. HLM model building was performed 
successively in accord with recommended practices (McCoach, 2010; Raudenbush & Bryk, 
2002). In order to support comparison of model parameter estimates across 
grades/subjects/outcomes, all models included the same variables, which represented a “global” 
model. The variables comprising these models were selected based on theory and prior research. 
The only differences in the models across grades/subjects/outcomes were the inclusion of 
dummy variables for majors/minors in mathematics/science education at eighth grade (not 
possible at fourth grade). Correspondingly, there are mathematics/science minor variables in 
fourth but not eighth grade. In addition, some measures are not equivalent per se, because they 
pertain to the respective subject (e.g., student liking of mathematics and science), but they are 
conceptually similar. Predictors were not removed if they were not significant for only particular 
grade/subject/outcome because this would have undermined model comparability. Moreover, the 
author minded prior research, theory, and at the same time the possibility of overfitting the 
model to the data (McCoach, 2010). 
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Appendix E presents the statistical models for the reader. Variables were entered into the 
model in blocks (with each block containing a set of related variables) (see Appendices A, B, and 
C). The first block contained three student-level variables, i.e., socioeconomic status, sex, and 
liking of the subject. There was no theoretical rationale for either fixing or allowing the level-1 
coefficients to vary across level-2 units, thus an empirical approach was employed whereby 
decisions were made on the basis of HLM results. These level-1 slope parameters were initially 
allowed to vary randomly across clusters for the first pair of multiply imputed data for each 
grade/subject/outcome (i.e., random coefficients models) in order to examine the magnitude and 
significance of cluster-level heterogeneity of regression slopes (Raudenbush & Bryk, 2002).25 If 
particular slopes did not vary significantly and/or were unreliable (e.g., <.05) in all of the 
grade/subject/outcome models, they were to be fixed (i.e., constrained equal for all 
classes/schools). The author then examined whether the three random effects (variances) were 
significantly larger than zero for that multiply imputed dataset. Each random effect (i.e., female 
student, socioeconomic status, and liking of the subject) exhibited significant variance in at least 
half of the models (across 16 dependent variables in total). In order to keep models comparable, 
because each of the random effects were significant for at least some outcomes, all three level-1 
coefficients were allowed to vary randomly across level-2 for all grades/subjects/outcomes. This 
approach was employed with recognition of the possibility of overfitting the model to the sample 
data. For all grades/subjects/outcomes, the final statistical models were random coefficients 
                                                 
25 It was not possible to conduct a significance test on a pooled variance estimate (pooled across 
multiply imputed datasets) as methods analogous to those proposed by Rubin for fixed effects 
have not yet been developed. It would be possible to evaluate overall model fit using the 
likelihood test based on deviance statistics, however HLM software does not generate deviance 
statistics when the analysis incorporates sampling weights. Hence the present approach was 
employed.  
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models; the author attempted to explain variation in the random intercepts but not the random 
slopes (Raudenbush & Bryk, 2002).  
 The level-2 model included predictors of the level-1 intercept (mean achievement), even 
though there were varying level-1 slopes; the predictors of slope heterogeneity were not of 
substantive interest. The building of the model at level-2 also involved entering sets of variables 
in blocks. The blocks can be broadly characterized as follows: contextual characteristics (school 
size, school SES, class size) (block 2); teacher characteristics (block 3); teacher degrees and 
propensity scores (block 4); professional development and propensity scores (block 5); and 
interactions (block 6). 
Four points on the model building are worth noting. First, if there was no experience 
main effect (with “effect” used in a statistical rather than a causal sense), the teaching 
experience-knowledge interactions were still examined because theoretically an interaction could 
still exist in the absence of a main effect; of course, teaching experience was retained in all 
models. Second, the propensity score covariates were incorporated in the models when the 
“treatment” variables were entered (i.e., dummy variables representing major/minors, 
participation in professional development)—blocks four and five. Both the “treatment” variables 
and their respective propensity scores variables were retained in the model when adding the 
interaction of knowledge and teaching experience. Third, in eighth grade science, there were two 
sets of HLM models, one that investigated the relationship between student achievement and a 
science degree in general, and one that investigated the relationship between student 
achievement and science degrees in different fields (e.g., Biology). This differentiation required 
distinct models when the author began adding variables in blocks 4, 5, and 6. Models 1-3 were 
the same. Fourth, in eighth grade mathematics, results suggested the presence of potential 
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collinearity issues among teacher sex and other contextual variables. Since collinearity issues 
were not apparent in the other models, the decision was made to retain teacher sex in the model 
to ensure model comparability. Results are presented separately for the general and specific 
treatment of the science degrees in eighth grade. 
Across all grades and subjects, the final “block” of variables contained the interaction 
terms, which were intended to test particular research questions (see Block 6 in Appendices A, B, 
C, and D). For example, Block 6 contained the interactions between teaching experience and 
teacher knowledge (all grades and subjects), and the interactions between the specific science 
degrees teachers have and course curricular emphases (eighth grade science only). For eighth 
grade science, when the interaction of curricular emphases and specific science degrees were 
entered into the model, curricular emphasis main effects were also input to the model.  
16) Pooling Results across the Multiply Imputed Datasets 
When analyzing multiply imputed data, the analyst must conduct analyses separately for 
each multiply imputed dataset and then combine the results (parameter estimates for fixed effects 
and their respective standard errors) as described in this section. In order to obtain a single 
(pooled) fixed effect parameter estimate, one takes the average of the parameter estimates from 
each of the separate analyses, 
 ̅  
∑  ̂  
 
   
 
 
where 
 ̅  = the pooled parameter estimate of interest k, 
D = the total number of imputed datasets (5 in the present study), and 
 ̂   = the parameter estimate of interest k from a particular multiply imputed dataset d. 
In the present study, it is notable that the parameter estimates that were averaged were from the 
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HLM analyses in which HLM software pooled across the achievement plausible values (as 
opposed to separate datasets). 
Multiple imputation can potentially introduce measurement error, noise, which should be 
accounted for in the standard errors (Rubin, 1987). To incorporate variance introduced by the 
imputation of data into the variance of the parameter estimates, when using multiple imputation 
the standard errors of the parameters are constructed to comprise both within- (residual) and 
between-imputation variance components. In doing so, the standard errors reflect imputation as 
well as sampling uncertainty. 
 The within-imputation variance component is calculated as follows,  
 ̅   
∑ (     ( ̂  ) 
 )    
 
 
where 
 ̅   = the within-imputation variance component for parameter of interest k across all D 
datasets, 
D = the total number of imputed datasets (5 in the present study), and 
 ̂   = the parameter estimate of interest k from a particular multiply imputed dataset d. 
This quantity represents the average variance of a particular parameter estimate across the 
multiply imputed datasets. The standard errors that were averaged for this study were the robust 
standard errors from the HLM analyses that pooled across plausible values (as opposed to 
separate datasets). 
The between-imputation variance component was calculated as follows, 
    
∑ ( ̂    ̅ )
  
   
   
 
where 
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    = the between-imputation variance component for parameter of interest k across all 
D datasets, 
 ̂   = the parameter estimate of interest k from a particular multiply imputed dataset d, 
 ̅  = the pooled parameter estimate of interest k, and 
D = the total number of imputed datasets (5 in the present study). 
This quantity represents the average deviation of the parameters estimated from each of the 
datasets from the pooled estimate (i.e., variance of the parameter estimates). 
 The within- and between-variance components were then combined to yield the total 
variance associated with a particular parameter: 
     ̅   
   
 
    
where 
    = the total variance for parameter of interest k across D datasets, 
 ̅  = the within-imputation variance component for parameter of interest k across all D 
datasets, 
  = the total number of imputed datasets (5 in the present study), and 
    = the between-imputation variance component for parameter of interest k across all 
D datasets. 
The reader will note that the previous three quantities are in variance units, so one then needs to 
take the square root of the total variance to obtain the standard error for significance testing. 
Standard errors were calculated using these formulae for the descriptive statistics (i.e., means) as 
well as the fixed effect parameter estimates from the inferential statistical analyses.  
 The reader should note that the formulae just introduced apply to HLM fixed effects and 
permit the conduct of proper significance testing of those fixed effects. For HLM random effects 
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(variance components), there is no currently available method for pooling variance components 
on the basis of an HLM software output. Since these variance components were not of primary 
substantive interest in this study, and were used only to evidence proportions of variance 
explained, the respective variance components from the five multiply imputed datasets were 
averaged for reporting purposes. No significance tests are reported with respect to whether these 
variance components are statistically greater than zero. Power analyses were not conducted 
because of the large sample sizes. 
17) Calculating Proportion Variance Explained 
In terms of the proportion of variance explained by the block of level-1 predictors, I 
calculated the proportion of total (unconditional) and level-1 (unconditional) outcome variance 
explained by the level-1 fixed and random effects (i.e., Model 1). Both types of effects were first 
specified in the same model, and the unique proportion of total variance explained by the fixed 
and random effects separately was not of interest. The total variance explained by level-1 
predictors (both fixed and random effects) was computed using the following formula: 
( ̂               ̂             
 )  ( ̂         ̂       
 )
 ̂               ̂             
  
where 
 ̂              = the estimated between-cluster variance for the unconditional model, 
 ̂        = the estimated between-cluster variance for model 1, 
 ̂             
  = the estimated within-cluster variance for the unconditional model, and 
 ̂       
  = the estimated within-cluster variance for model 1. 
I also computed the proportion of level-1 variance (unconditional) explained by the 
model containing level-1 fixed and random effects (i.e., Model 1) using the following formula:  
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 ̂             
   ̂       
 
 ̂             
  
where 
 ̂             
  = the estimated within-cluster variance for the unconditional model, and 
 ̂       
  = the estimated within-cluster variance for model 1. 
 While the variance explained by the level-1 effects was computed relative to the 
unconditional model, the variance explained by the level-2 predictors was computed relative to 
the model with student-level effects (i.e., Model 1). The rationale was that the inclusion of level-
1 random effects in Model 1 might change the level-2 variance components as estimated in the 
unconditional model, so as to obfuscate the meaning of explained unconditional variance. 
Inspection of the level-2 variance components when moving from the unconditional model to the 
model with only level-1 fixed and random effects (i.e., Model 1) did in fact show some changes. 
Thus, variance explained by level-2 variables was computed relative to Model 1 rather than the 
unconditional model. 
In particular, for level-2 predictors, I examined the proportion of the Model 1 total 
residual variance and the level-2 residual variance explained by each of Models 2-6. The 
proportion of total residual variance explained by each model was computed by comparing the 
total variance in that model to the total variance of Model 1. The formula used was: 
( ̂         ̂       
 )  ( ̂         ̂       
 )
 ̂         ̂       
  
where 
 ̂         = the estimated between-cluster variance for Model 1, 
 ̂        = the estimated between-cluster variance for current, 
 ̂        
  = the estimated within-cluster variance for the Model 1, and 
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 ̂       
  = the estimated within-cluster variance for current model. 
The proportion of Model 1 level-2 residual variance explained by each Models 2-6 was 
examined by comparing the level-2 variance in a given model with that of Model 1, as shown 
here,   
 ̂           ̂         
 ̂         
 
where 
 ̂           = the estimated between-cluster variance for the Model 1, and 
 ̂          = the estimated between-cluster variance for the current model.  
 It was not possible to conduct significance tests on reductions in residual variances 
because these quantities were pooled across multiply imputed datasets and significance tests 
appropriate for such cases have not yet been developed. It is possible to evaluate instead overall 
differences in model fit using the likelihood test based on deviance statistics, however HLM 
software does not generate deviance statistics when the analysis incorporates sampling weights. 
18) Repeat for Each Outcome 
 All analyses were repeated for each of the four outcomes in each grade/subject (i.e., 
overall achievement, knowing, applying, and reasoning). 
Summary  
Prompting this study were the status of U.S. mathematics and science achievement, open 
questions around teacher preparation and knowledge, and teachers’ sense of unpreparedness for 
practice. These factors motivate an examination of the relationships between two forms of 
teacher knowledge, specifically content knowledge and pedagogical content knowledge, and 
student achievement in mathematics and science. Taking a developmental perspective on teacher 
learning and development, of particular interest in this study was also the timing of these 
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relationships during the course of a teacher’s career. This study used data from TIMSS 2011 and 
hierarchical linear modeling to address its research questions in the domains of fourth and eighth 
grade mathematics.  
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Chapter Four 
 In this chapter, reported are the results of the missing data analyses, propensity score 
analyses, descriptive statistical analyses (including correlational analyses), and multilevel 
modeling and inferential statistical analyses. 
Missing Data 
 Across all grades/subjects, missing data was greater in scope for contextual data (e.g., 
teacher, school, classroom) than at the student level. Table 9 summarizes the scope of missing 
data for fourth grade mathematics at the student level. As can be seen, the students like 
mathematics scale and number of home study supports variables had small amounts of missing 
data (less than two percent). 
Table 9 
Fourth Grade Mathematics Level One Missing Data 
  N 
Missing 
Count Percent 
Overall PV 1 12504 0 0.00 
Overall PV 2 12504 0 0.00 
Overall PV 3 12504 0 0.00 
Overall PV 4 12504 0 0.00 
Overall PV 5 12504 0 0.00 
Knowing PV 1 12504 0 0.00 
Knowing PV 2 12504 0 0.00 
Knowing PV 3 12504 0 0.00 
Knowing PV 4 12504 0 0.00 
Knowing PV 5 12504 0 0.00 
Applying PV 1 12504 0 0.00 
Applying PV 2 12504 0 0.00 
Applying PV 3 12504 0 0.00 
Applying PV 4 12504 0 0.00 
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Applying PV 5 12504 0 0.00 
Reasoning PV 1 12504 0 0.00 
Reasoning PV 2 12504 0 0.00 
Reasoning PV 3 12504 0 0.00 
Reasoning PV 4 12504 0 0.00 
Reasoning PV 5 12504 0 0.00 
Students like mathematics 12267 237 1.90 
Female student 12504 0 0.00 
Number of home study supports 12287 217 1.74 
PV = plausible value. 
 
Table 10 summarizes the scope of missing data at the contextual level for fourth grade 
mathematics. There are more missing data at the contextual level than at the student level. With 
the exception of the school-level achievement variable (aggregated from complete student 
achievement data), all variables are missing some data and the amount ranges between about 10 
percent and about 23 percent.  
Table 10 
 
Fourth Grade Mathematics Level Two Missing Data 
 
  N 
Missing 
Count Percent 
Teaching experience 533 87 14.03 
Class size 478 142 22.90 
Problems with working conditions 530 90 14.52 
Safe and orderly school 533 87 14.03 
School size 561 59 9.52 
Mathematics resource shortages 550 70 11.29 
School achievement 620 0 0.00 
Female teacher 537 83 13.39 
Advanced degree 534 86 13.87 
Mathematics major 532 88 14.19 
Mathematics minor 494 126 20.32 
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Mathematics content PD 514 106 17.10 
Mathematics pedagogy PD 516 104 16.77 
School SES 560 60 9.68 
PD = professional development. SES = socioeconomic status. 
 
 Table 11 summarizes the scope of missing data for fourth grade science at the student 
level. As can be seen, the students like science scale and number of home study supports 
variables had small amounts of missing data (less than three percent).   
Table 11 
 
Fourth Grade Science Level One Missing Data 
 
  N 
Missing 
Count Percent 
Overall PV 1 12519 0 0.00 
Overall PV 2 12519 0 0.00 
Overall PV 3 12519 0 0.00 
Overall PV 4 12519 0 0.00 
Overall PV 5 12519 0 0.00 
Knowing PV 1 12519 0 0.00 
Knowing PV 2 12519 0 0.00 
Knowing PV 3 12519 0 0.00 
Knowing PV 4 12519 0 0.00 
Knowing PV 5 12519 0 0.00 
Applying PV 1 12519 0 0.00 
Applying PV 2 12519 0 0.00 
Applying PV 3 12519 0 0.00 
Applying PV 4 12519 0 0.00 
Applying PV 5 12519 0 0.00 
Reasoning PV 1 12519 0 0.00 
Reasoning PV 2 12519 0 0.00 
Reasoning PV 3 12519 0 0.00 
Reasoning PV 4 12519 0 0.00 
Reasoning PV 5 12519 0 0.00 
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Students like science 12237 282 2.25 
Female student 12519 0 0.00 
Number of home study supports 12301 218 1.74 
PV = plausible value. 
 
Table 12 summarizes the scope of missing data at the contextual level for fourth grade science. 
The missing data are more sizable in scope at the contextual level than at the student level. With 
the exception of the school-level achievement variable (aggregated from complete student 
achievement data), all variables are missing some data and the amount ranges between about 10 
percent and about 23 percent. These figures are similar to those found in fourth grade 
mathematics because there is substantial overlap in the samples (i.e., same students and teachers). 
Table 12 
 
Fourth Grade Science Level Two Missing Data 
 
  N 
Missing 
Count Percent 
Teaching experience 531 88 14.22 
Class size 477 142 22.94 
Problems with working conditions 528 91 14.70 
Safe and orderly school 530 89 14.38 
School size 560 59 9.53 
Science resource shortages 549 70 11.31 
School achievement 619 0 0.00 
Female teacher 532 87 14.05 
Advanced degree 530 89 14.38 
Science major 530 89 14.38 
Science minor 493 126 20.36 
Science content PD 501 118 19.06 
Science pedagogy PD 501 118 19.06 
School SES 559 60 9.69 
PD = professional development. SES = socioeconomic status. 
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Table 13 summarizes the scope of missing data for eighth grade mathematics at the 
student level. As can be seen, the students like mathematics scale and home educational 
resources scale variables had small amounts of missing data (less than two percent).   
Table 13 
 
Eighth Grade Mathematics Level One Missing Data 
 
  N 
Missing 
Count Percent 
Overall PV 1 10477 0 0.00 
Overall PV 2 10477 0 0.00 
Overall PV 3 10477 0 0.00 
Overall PV 4 10477 0 0.00 
Overall PV 5 10477 0 0.00 
Knowing PV 1 10477 0 0.00 
Knowing PV 2 10477 0 0.00 
Knowing PV 3 10477 0 0.00 
Knowing PV 4 10477 0 0.00 
Knowing PV 5 10477 0 0.00 
Applying PV 1 10477 0 0.00 
Applying PV 2 10477 0 0.00 
Applying PV 3 10477 0 0.00 
Applying PV 4 10477 0 0.00 
Applying PV 5 10477 0 0.00 
Reasoning PV 1 10477 0 0.00 
Reasoning PV 2 10477 0 0.00 
Reasoning PV 3 10477 0 0.00 
Reasoning PV 4 10477 0 0.00 
Reasoning PV 5 10477 0 0.00 
Home educational resources 10371 106 1.01 
Students like mathematics 10336 141 1.35 
Female student 10477 0 0.00 
PV = plausible value. 
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Table 14 summarizes the scope of missing data at the contextual level for eighth grade 
mathematics. The missing data are more sizable in scope at the contextual level than at the 
student level. With the exception of the school-level achievement variable (aggregated from 
complete student achievement data), all variables are missing some data and the amount ranges 
between about 10 percent and about 26 percent.  
Table 14 
 
Eighth Grade Mathematics Level Two Missing Data 
 
  N 
Missing 
Count Percent 
Teaching experience 441 116 20.83 
Class size 414 143 25.67 
Problems with working conditions 439 118 21.18 
Safe and orderly school 440 117 21.01 
School size 504 53 9.52 
Mathematics resource shortages 494 63 11.31 
School achievement 557 0 0.00 
Female teacher 441 116 20.83 
Advanced degree 440 117 21.01 
Mathematics major 440 117 21.01 
Mathematics education major 440 117 21.01 
Mathematics content PD 431 126 22.62 
Mathematics pedagogy PD 432 125 22.44 
School SES 500 57 10.23 
PD = professional development. SES = socioeconomic status. 
 
Table 15 summarizes the scope of missing data for eighth grade science at the student 
level. As can be seen, the students like science scale and home educational resources scale 
variables had small amounts of missing data (less than two percent).   
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Table 15 
 
Eighth Grade Science Level One Missing Data 
 
  N 
Missing 
Count Percent 
Overall PV 1 10304 0 0.00 
Overall PV 2 10304 0 0.00 
Overall PV 3 10304 0 0.00 
Overall PV 4 10304 0 0.00 
Overall PV 5 10304 0 0.00 
Knowing PV 1 10304 0 0.00 
Knowing PV 2 10304 0 0.00 
Knowing PV 3 10304 0 0.00 
Knowing PV 4 10304 0 0.00 
Knowing PV 5 10304 0 0.00 
Applying PV 1 10304 0 0.00 
Applying PV 2 10304 0 0.00 
Applying PV 3 10304 0 0.00 
Applying PV 4 10304 0 0.00 
Applying PV 5 10304 0 0.00 
Reasoning PV 1 10304 0 0.00 
Reasoning PV 2 10304 0 0.00 
Reasoning PV 3 10304 0 0.00 
Reasoning PV 4 10304 0 0.00 
Reasoning PV 5 10304 0 0.00 
Home educational resources 10202 102 0.99 
Students like science 10143 161 1.56 
Female student 10304 0 0.00 
PV = plausible value. 
 
Table 16 summarizes the scope of missing data at the contextual level for eighth grade science. 
The missing data are more sizable in scope at the contextual level than at the student level. With 
the exception of the school-level achievement variable (aggregated from complete student 
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achievement data), all variables are missing some data and the amount ranges between about 
nine percent and about 38 percent. 
Table 16 
 
Eighth Grade Science Level Two Missing Data 
 
  N 
Missing 
Count Percent 
Teaching experience 419 135 24.37 
Class size 341 213 38.45 
Biology emphasis 345 209 37.73 
Chemistry emphasis 346 208 37.55 
Physics emphasis 346 208 37.55 
Earth science emphasis 345 209 37.73 
Problems with working conditions 419 135 24.37 
Safe and orderly school 419 135 24.37 
School size 503 51 9.21 
Science resource shortages 493 61 11.01 
School achievement 554 0 0.00 
Female teacher 421 133 24.01 
Advanced degree 420 134 24.19 
Biology major 418 136 24.55 
Physics major 417 137 24.73 
Chemistry major 414 140 25.27 
Earth science major 415 139 25.09 
Science education major 414 140 25.27 
Science content PD 416 138 24.91 
Science pedagogy PD 416 138 24.91 
School SES 499 55 9.93 
PD = professional development. SES = socioeconomic status. 
 
 In addition to examining the scope of the missing data, I also tested the nature of the 
missing data for each level of data at each grade/subject by conducting Little’s test for data 
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missing completely at random (as implemented in SPSS). Table 17 reports the results of Little’s 
test for each level of data at all grades/subjects.  
Table 17 
 
Little’s Test for Missing Completely at Random Data 
 
Dataset    Df 
Fourth grade mathematics 
  Level 1 499.77*** 20 
Level 2 104.00* 74 
Fourth grade science 
  Level 1 644.69*** 20 
Level 2 90.08* 67 
Eighth grade mathematics 
  Level 1 502.70*** 62 
Level 2 81.66** 48 
Eighth grade science 
  Level 1 555.81*** 62 
Level 2 213.25*** 140 
*p<.05. **p<.01. ***p<.001. 
 
Results suggest that across all datasets, and all grades/subjects, the data are not missing 
completely at random. Thus, simple treatment of the missing data such as listwise deletion would 
potentially bias the statistical estimates of population parameters. These findings affirmed the 
researcher’s decision to employ more sophisticated missing data analyses, namely multiple 
imputation.26 
Propensity Score Analysis 
 
The propensity score analysis used for this study required the conduct of many logistic 
regression analyses, one for each “treatment” variable included in the analysis across all 
grades/subjects. Separate logistic regression analyses also needed to be estimated for each 
multiply imputed dataset. Table 18 presents Nagelkerke pseudo-R2 values and omnibus tests of 
                                                 
26 While there is an array of approaches to handling missing data, the opportunity to learn 
multiple imputation also motivated the author to use that particular technique. 
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model coefficients for each logistic regression in each multiply imputed (MI) dataset. Only 
overall model results are presented because interest lies with the overall power of the model in 
explaining each “treatment” variable. 
Of the 20 “treatment” variables across all grades/subjects, the logistic regression models 
were significantly predictive for the following “treatment” variables: mathematics content PD in 
fourth grade mathematics (four MI datasets), science content PD in fourth grade science (two MI 
datasets), science pedagogy PD in fourth grade science (all five MI datasets), mathematics 
education major in eighth grade mathematics (two MI datasets), mathematics content PD (all five 
MI datasets) and mathematics pedagogy PD (all five MI datasets) in eighth grade mathematics, 
biology major (five MI datasets), physics major (four MI datasets), chemistry major (one MI 
dataset), earth science major (five MI datasets), science content PD (one MI dataset), and any 
science major (five MI datasets) in eighth grade science. 
In general, the predictive models do a better job explaining teachers’ receipt of PD (either 
content- or pedagogically-focused), which is plausible since the majority of variables used in 
creating the propensity scores were school-level factors. On the other hand, ostensibly the 
predictive models also significantly explain teacher degrees in eighth grade, particularly eighth 
grade science. It is possible that the assumptions made for this study’s propensity score analysis 
(i.e., hiring practices) are more tenable in eighth grade. For instance, hiring practices at the upper 
elementary/secondary level may give more treatment to teachers’ mathematics and science 
backgrounds as evidenced by their degrees, which is plausible given the contemporary 
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Table 18 
 
Propensity Score Analysis Logistic Regression Results 
 
Fourth grade mathematics 
          
 
Mathematics major Mathematics minor Mathematics content PD Mathematics pedagogy PD 
MI  
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      Df 
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      df 
1 0.06 12.51 8 0.04 12.56 8 0.06 26.02** 8 0.03 12.31 8 
2 0.03 6.90 8 0.04 10.35 8 0.06 24.79** 8 0.03 14.93 8 
3 0.04 7.88 8 0.05 13.79 8 0.04 19.64* 8 0.03 12.49 8 
4 0.03 7.01 8 0.03 8.50 8 0.03 14.49 8 0.03 14.67 8 
5 0.03 5.40 8 0.04 10.49 8 0.05 19.70* 8 0.03 14.51 8 
Mean 0.04 - - 0.04 - - 0.05 - - 0.03 - - 
Fourth grade science 
           
 
Science major Science minor Science content PD Science pedagogy PD 
MI  
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      Df 
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      df 
1 0.03 5.74 8 0.03 7.29 8 0.03 12.77 8 0.04 17.39* 8 
2 0.01 3.41 8 0.03 7.97 8 0.04 17.19* 8 0.07 31.81*** 8 
3 0.02 4.87 8 0.02 5.16 8 0.03 11.47 8 0.04 19.18* 8 
4 0.03 7.53 8 0.02 4.09 8 0.03 15.18 8 0.05 21.01** 8 
5 0.01 2.21 8 0.02 5.83 8 0.04 17.91* 8 0.04 18.04* 8 
Mean 0.02 - - 0.02 - - 0.03 - - 0.05 - - 
Eighth grade mathematics 
          
 
Mathematics major Mathematics education major Mathematics content PD Mathematics pedagogy PD 
MI  
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      Df 
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      df 
1 0.02 8.59 8 0.04 18.18* 8 0.06 21.70** 8 0.07 26.83** 8 
2 0.02 7.22 8 0.03 11.71 8 0.05 19.73* 8 0.05 20.45** 8 
3 0.02 7.28 8 0.03 14.52 8 0.05 20.46** 8 0.08 32.22*** 8 
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4 0.02 9.74 8 0.03 12.39 8 0.07 29.11*** 8 0.08 31.07*** 8 
5 0.01 4.80 8 0.04 16.50* 8 0.06 21.51** 8 0.09 33.16*** 8 
Mean 0.02 - - 0.03 - - 0.06 - - 0.07 - - 
Eighth grade science 
           
 
Biology major Physics major Chemistry major Earth science major 
MI  
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      Df 
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      df 
1 0.04 18.15* 8 0.11 27.29** 8 0.04 14.35 8 0.05 17.38* 8 
2 0.05 19.66* 8 0.05 14.52 8 0.02 7.95 8 0.08 28.55*** 8 
3 0.05 19.96* 8 0.11 26.65** 8 0.03 12.37 8 0.07 23.96** 8 
4 0.07 29.76*** 8 0.08 19.27* 8 0.04 15.10 8 0.07 25.47** 8 
5 0.05 21.21** 8 0.07 16.32* 8 0.05 16.92* 8 0.10 36.25*** 8 
Mean 0.05 - - 0.08 - - 0.04 - - 0.07 - - 
 
Science education major Science content PD Science pedagogy PD Any science major 
MI  
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      Df 
Nagelkerke 
pseudo-      df 
Nagelkerke 
pseudo-      df 
1.00 0.02 8.27 8 0.03 11.74 8 0.04 14.60 8 0.05 19.44* 8 
2.00 0.03 14.34 8 0.04 15.05 8 0.03 10.46 8 0.05 21.28** 8 
3.00 0.02 10.24 8 0.05 18.89* 8 0.03 11.67 8 0.04 17.18* 8 
4.00 0.03 14.19 8 0.03 12.94 8 0.02 7.55 8 0.06 24.72** 8 
5.00 0.03 12.94 8 0.03 11.02 8 0.02 9.49 8 0.07 30.17*** 8 
Mean 0.03 - - 0.04 - - 0.03 - - 0.02 - - 
MI = multiply imputed dataset. PD = professional development. 
*p<.05. **p<.01. ***p<.001. 
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assumptions of teacher education scholarship and policy about what such teachers need to be 
effective. Even so, the pseudo-R2 values were generally small in magnitude across all logistic 
regression models (with a maximum Nagelkerke pseudo-   was .08). While some of the logistic 
regression models were not significant overall, propensity scores were still used for all 
“treatments” in order to keep the ultimate multilevel models comparable across grades/subjects. 
The reader will see in the Multilevel Model Results section how only two of these 20 propensity 
scores for particular “treatments” were statistically related to achievement outcomes. 
Descriptive Statistics 
 
 Table F1 in Appendix F presents student-level descriptive statistics—means, their 
standard errors, and standard deviations—for fourth grade mathematics. Any variables that are 
dummy variables can be interpreted as proportions. Of note in Table F1 in Appendix F are: the 
relatively small proportion of students with a teacher who majored in mathematics (about six 
percent), and the small proportions of students who have a new teacher who either majored in 
mathematics (about one percent) or minored in mathematics (about two percent). While these 
proportions are not zero, they are quite small, and correspondingly, the variables are limited in 
terms of their variation. 
 Table F2 in Appendix F presents student-level descriptive statistics—means, their 
standard errors, and standard deviations—for fourth grade science. Of note in Table F2 in 
Appendix F are: the relatively small proportions of students with a teacher with a science major 
(about seven percent), a teacher with a science minor (about eight percent), a new teacher who 
participated in science content professional development (PD) (about nine percent), a new 
teacher who participated in science pedagogy PD (about eight percent), and the small proportions 
of students who have a new teacher with either a science major (about one percent) or a science 
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minor (about one percent). While these proportions are not zero, they are quite small, and 
correspondingly, the variables are limited in terms of their variation. 
 Table F3 in Appendix F presents student-level descriptive statistics—means, their 
standard errors, and standard deviations—for eighth grade mathematics. In contrast to fourth 
grade mathematics and science descriptive statistics, none of these figures are particularly 
noteworthy.  
 Table F4 in Appendix F presents student-level descriptive statistics—means, their 
standard errors, and standard deviations—for eighth grade science. Of note in Table F4 in 
Appendix F are: the relatively small proportion of students with a teacher who majored in 
physics (about nine percent); and the relatively small proportions of students with new teachers 
who majored in physics (about two percent), earth science (about three percent), chemistry 
(about five percent), science education (about seven percent), and biology (about eight percent). 
While these proportions are not zero, they are quite small, and correspondingly, the variables are 
limited in terms of their variation. 
Correlational Analysis 
Table G1 in Appendix G presents student-level correlations among all variables for 
fourth grade mathematics. In order to identify possible collinearity issues, the author identified 
all correlations larger than .5 in absolute value in Excel. In fourth grade mathematics, there were 
relatively high correlations among the interaction term of the variables on which they were based. 
Given the possibility of collinearity issues and the effect of such issues on the standard errors for 
those predictors, care is taken later to interpret the magnitudes of the coefficients and their 
standard errors as opposed to just the statistical significance of the results. 
 136 
Table G2 in Appendix G presents the student-level correlations among all variables for 
fourth grade science. There were relatively high correlations among the two professional 
development variables, and among the interaction terms and their respective main effects. Given 
the possibility of collinearity issues and the effect of such issues on the standard errors for those 
predictors, care is taken later to interpret the magnitudes of the coefficients and their standard 
errors as opposed to just the statistical significance of the results. 
Table G3 in Appendix G presents the student-level correlations for eighth grade 
mathematics. Again, there were relatively large correlations among the interactions and their 
respective main effects. Given the possibility of collinearity issues and the effect of such issues 
on the standard errors for those predictors, care is taken later to interpret the magnitudes of the 
coefficients and their standard errors as opposed to just the statistical significance of the results. 
 Table G4 in Appendix G presents the student-level correlations for eighth grade science. 
There were correlations among the professional development variables, and also among the 
interactions and their respective main effects. Given the possibility of collinearity issues and the 
effect of such issues on the standard errors for those predictors, care is taken later to interpret the 
magnitudes of the coefficients and their standard errors as opposed to just the statistical 
significance of the results. 
Multilevel Model Results 
Unconditional models. Table 19 presents the intraclass correlations and random 
intercept reliabilities for each grade/subject/outcome. As is evident in Table 19, for all outcomes 
there was a statistically significant amount of cluster-to-cluster outcome variation. The intraclass 
correlations are smaller for the fourth than eighth grade outcomes. Within eighth grade, the 
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between-cluster variation in mathematics is higher than the between-cluster variation in science. 
As also can be seen in Table 19, all of the reliability estimates for the random intercepts are high.   
Table 19 
 
Summary of Empirical Clustering and Intercept Estimate Reliability 
 
Outcome variable Df    ICC 
Reliability 
of random 
level-1 
intercept, 
      
Fourth grade mathematics     
Overall 619 5906.29*** 0.31 0.90 
Knowing 619 6443.74*** 0.33 0.90 
Applying 619 5605.76*** 0.29 0.89 
Reasoning 619 5397.13*** 0.28 0.88 
Fourth grade science 
 
   
 Overall 618 6217.92*** 0.31 0.90 
Knowing 618 6356.64*** 0.32 0.90 
Applying 618 6365.53*** 0.32 0.90 
Reasoning 618 6333.54*** 0.32 0.90 
Eighth grade mathematics 
 
   
 Overall 556 17074.74*** 0.62 0.96 
Knowing 556 17109.00*** 0.62 0.96 
Applying 556 17963.06*** 0.64 0.96 
Reasoning 556 13654.28*** 0.57 0.95 
Eighth grade science 
 
   
 Overall 553 10773.81*** 0.51 0.94 
Knowing 553 10399.94*** 0.50 0.93 
Applying 553 10313.87*** 0.50 0.93 
Reasoning 553 11657.19*** 0.54 0.94 
ICC = intraclass correlation. *p<.05. **p<.01. ***p<.001. 
 
Because there are no missing data for the TIMSS 2011 outcome variables, the unconditional 
models based on different multiply imputed dataset are equivalent. It was not necessary to pool 
across multiply imputed datasets to calculate the intraclass correlations. Here I rely on the 
significance test of the intercept variance being larger than zero in the population from the first 
plausible value, though it is recognized that the significance test does not reflect between-
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imputation variance as with the fixed effects reported earlier. These findings suggest that it is 
appropriate to try to explain student achievement outcomes as a function of cluster-level 
contextual factors. 
 In what follows, the results of the multilevel models are presented. While each 
grade/subject/outcome is first explored individually, attention then turns to looking across the 
models. 
Conditional models for fourth grade mathematics. In this next major section, the 
multilevel results are reported, first by grade/subject and within grade/subject by outcome, with 
an emphasis on the final models (i.e., fully conditional models). In general, discussed here are 
those variables that are statistically significant, including their magnitudes (i.e., practical 
significance). Table 20 presents the successive models for overall fourth grade mathematics. In 
the final model, only the three student-level variables were significant. More home supports 
( ̂     ) and students liking mathematics ( ̂     ) were associated with higher achievement. 
The interpretation of these coefficients, like all other continuous variables in the present study’s 
analyses except the propensity scores, were as follows: an increase of one standard deviation in 
home supports was associated with a .09 of a standard deviation increase in student achievement; 
and an increase of one standard deviation in students liking mathematics was associated with 
a .16 of a standard deviation increase in student achievement. The propensity scores were not 
standardized, thus a propensity score regression coefficient for a particular “treatment” can be 
interpreted as follows: the standardized achievement difference between teachers with a 
probability of zero of having that “treatment” and teachers with a probability of one (certainty) 
of having that particular “treatment.”   
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Being female ( ̂       ) was associated with statistically lower scores. The 
interpretation of this regression coefficient, like all other dummy variables in the present study’s 
analyses, was as follows: being a female instead of a male was associated with a .1 of a standard 
deviation lower level of achievement. The magnitudes of the relationships between achievement 
and home supports, liking of mathematics, and sex of student, were small. All regression 
coefficients reported henceforth in this manuscript can be interpreted similarly to those in this 
paragraph.         
 In this narrative, I only interpret the proportions of variance explained if the blocks 
relevant to the research questions contained a significant predictor in the final model, which was 
not the case for overall fourth grade mathematics achievement. The proportions of variance 
explained by all predictors for all grades/subjects/outcomes are reported later. It was not possible 
to conduct a significance tests on the variance component estimates (pooled across multiply 
imputed datasets) as methods analogous to those proposed by Rubin for fixed effects have not 
yet been developed. It would be possible to evaluate overall model fit using the likelihood test 
based on deviance statistics, however HLM software does not generate deviance statistics when 
the analysis incorporates sampling weights. 
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Table 20 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Overall Fourth Grade Mathematics  
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.04 0.03 
 
0.47 0.12 *** 0.46 0.13 *** 0.15 0.66 
 
0.00 3.02 
 
-0.02 3.02 
 
Block 1 
 
                  
Number of home study supports 
 0.09 0.01 *** 0.09 0.01 *** 0.09 0.01 *** 0.09 0.01 *** 0.09 0.01 *** 0.09 0.01 *** 
Female student 
 -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** 
Students like mathematics 
 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 
Block 2 
 
                  
School size 
    0.05 0.04 
 
0.05 0.04 
 
0.03 0.04 
 
0.02 0.03 
 
0.02 0.03 
 School SES 11-25 percent 
    -0.05 0.15 
 
-0.05 0.14 
 
-0.73 0.32 * -0.50 0.26  -0.49 0.27 
 School SES 26-50 percent 
    -0.29 0.13 * -0.28 0.14 * -0.22 0.34 
 
-0.25 0.83  -0.26 0.84 
 School SES 50 or more percent 
    -0.71 0.13 *** -0.70 0.13 *** -0.65 0.40 
 
-0.64 0.69  -0.64 0.69 
 Class size 
    0.04 0.04 
 
0.04 0.04 
 
0.04 0.04 
 
0.04 0.04  0.04 0.03 
 
Block 3 
    
           
 
   
New teacher (5 or fewer years) 
       -0.05 0.10 
 
-0.05 0.09 
 
-0.02 0.07 
 
-0.09 0.11 
 Female teacher 
       0.02 0.09 
 
-0.19 0.27 
 
-0.43 0.62 
 
-0.43 0.61 
 
Block 4 
       
            
Mathematics major 
          0.04 0.08 
 
0.04 0.09 
 
0.09 0.10 
 Mathematics minor 
          0.05 0.06 
 
0.04 0.07 
 
-0.02 0.09 
 Advanced degree 
          0.01 0.05 
 
0.02 0.05 
 
0.02 0.05 
 Probability of mathematics major 
          -10.98 10.32 
 
-12.43 7.70 
 
-12.47 7.80 
 Probability of mathematics minor 
          10.86 6.48 
 
10.70 8.66 
 
10.62 8.76 
 
Block 5 
          
         
Mathematics content PD 
             -0.05 0.05 
 
-0.06 0.06 
 Mathematics pedagogy PD 
             0.02 0.06 
 
0.03 0.06 
 Probability of mathematics content PD 
             2.51 2.34 
 
2.57 2.37 
 Probability of mathematics pedagogy PD 
             -2.31 4.60 
 
-2.32 4.56 
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Block 6 
             
      
Mathematics major*New teacher 
                -0.32 0.30 
 Mathematics minor*New teacher 
                0.36 0.29 
 Mathematics content PD*New teacher 
                0.06 0.13 
 Mathematics pedagogy PD*New teacher 
                0.00 0.14 
 
Variance components UC Model 1 Model 2 Model 2 Model 4 Model 5 Model 6 
Level-2 variance 0.31 0.32 0.21 0.21 0.15 0.12 0.12 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Number of home study supports - 0.01 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.70 0.66 0.66 0.66 0.66 0.66 0.66 
Proportion variance explained               
Proportion level-1 variance explained - 0.06 - - - - - 
Proportion level-2 variance explained - - 0.35 0.35 0.54 0.61 0.62 
Proportion total variance explained - 0.03 0.11 0.11 0.17 0.20 0.20 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 21 presents the models for knowing in fourth grade mathematics. Again only the 
three student-level variables were significant in the final model. More home supports ( ̂     ) 
and students liking mathematics ( ̂     ) were associated with higher achievement. Being 
female ( ̂       ) was associated with statistically lower scores. The sizes of these 
relationships were small. As shown in Table 21, no predictors related to the research questions 
were significant in the final model, so proportions of variance explained are not interpreted. 
Table 22 shows the models for applying in fourth grade mathematics. In the final model, 
again only the three student-level variables were significant. More home supports ( ̂      ) and 
students liking mathematics ( ̂      ) were associated with higher achievement. Being female 
( ̂       ) was associated with statistically lower scores. The magnitudes of these relationships 
were small. As shown in Table 22, no predictors related to the research questions were 
significant in the final model, so proportions of variance explained are not interpreted here. 
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Table 21 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Knowing in Fourth Grade Mathematics 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.04 0.03 
 
0.45 0.14 ** 0.46 0.15 ** 0.13 0.70 
 
-0.02 3.15 
 
-0.05 3.15 
 
Block 1 
 
                  
Number of home study supports 
 0.09 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 
Female student 
 -0.12 0.02 *** -0.12 0.02 *** -0.12 0.02 *** -0.12 0.02 *** -0.12 0.02 *** -0.12 0.02 *** 
Students like mathematics 
 0.17 0.02 *** 0.17 0.02 *** 0.17 0.02 *** 0.17 0.02 *** 0.17 0.02 *** 0.17 0.02 *** 
Block 2 
 
                  
School size 
    0.05 0.04 
 
0.05 0.04 
 
0.03 0.04 
 
0.03 0.03 
 
0.03 0.03 
 School SES 11-25 percent 
    -0.02 0.16 
 
-0.02 0.16 
 
-0.74 0.34 
 
-0.51 0.27  -0.50 0.28 
 School SES 26-50 percent 
    -0.27 0.14 
 
-0.27 0.15 
 
-0.18 0.37 
 
-0.21 0.87  -0.22 0.88 
 School SES 50 or more percent 
    -0.69 0.15 *** -0.69 0.15 *** -0.62 0.44 
 
-0.60 0.72  -0.60 0.73 
 Class size 
    0.06 0.04 
 
0.05 0.04 
 
0.05 0.04 
 
0.05 0.04  0.05 0.04 
 
Block 3 
    
           
 
   
New teacher (5 or fewer years) 
       -0.04 0.10 
 
-0.04 0.10 
 
-0.01 0.08 
 
-0.08 0.12 
 Female teacher 
       0.00 0.10 
 
-0.23 0.28 
 
-0.47 0.62 
 
-0.47 0.62 
 
Block 4 
       
            
Mathematics major 
          0.05 0.09 
 
0.05 0.10 
 
0.09 0.10 
 Mathematics minor 
          0.06 0.07 
 
0.06 0.07 
 
-0.01 0.09 
 Advanced degree 
          0.03 0.06 
 
-0.47 0.62 
 
0.04 0.05 
 Probability of mathematics major 
          -12.08 10.85 
 
-13.38 8.00 
 
-13.40 8.09 
 Probability of mathematics minor 
          11.65 6.82 
 
11.45 8.93 
 
11.35 9.04 
 
Block 5 
          
         
Mathematics content PD 
             -0.05 0.05 
 
-0.06 0.06 
 Mathematics pedagogy PD 
             0.03 0.06 
 
0.04 0.06 
 Probability of mathematics content PD 
             2.45 2.44 
 
2.53 2.47 
 Probability of mathematics pedagogy PD 
             -2.27 4.77 
 
-2.28 4.72 
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Block 6 
             
      
Mathematics major*New teacher 
                -0.30 0.29 
 Mathematics minor*New teacher 
                0.39 0.29 
 Mathematics content PD*New teacher 
                0.07 0.13 
 Mathematics pedagogy PD*New teacher                                 -0.02 0.14   
Variance components UC Model 1 Model 2 Model 2 Model 4 Model 5 Model 6 
Level-2 variance 0.33 0.34 0.23 0.23 0.16 0.14 0.13 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Number of home study supports - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.68 0.64 0.64 0.64 0.64 0.64 0.64 
Proportion variance explained               
Proportion level-1 variance explained - 0.07 - - - - - 
Proportion level-2 variance explained - - 0.33 0.33 0.53 0.60 0.61 
Proportion total variance explained - 0.04 0.11 0.11 0.18 0.21 0.21 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 22 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Applying in Fourth Grade Mathematics 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.03 0.03 
 
0.44 0.12 *** 0.45 0.13 ** 0.14 0.68 
 
0.03 2.96 
 
0.00 2.96 
 
Block 1 
 
                  
Number of home study supports 
 0.09 0.02 *** 0.09 0.02 *** 0.09 0.02 *** 0.09 0.02 *** 0.09 0.02 *** 0.09 0.02 *** 
Female student 
 -0.09 0.02 *** -0.09 0.02 *** -0.09 0.02 *** -0.09 0.02 *** -0.09 0.02 *** -0.09 0.02 *** 
Students like mathematics 
 0.15 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 
Block 2 
 
                  
School size 
    0.05 0.04 
 
0.05 0.04 
 
0.03 0.04 
 
0.03 0.03 
 
0.02 0.03 
 School SES 11-25 percent 
    -0.05 0.14 
 
-0.05 0.14 
 
-0.72 0.32 * -0.51 0.25 
 
-0.49 0.26 
 School SES 26-50 percent 
    -0.28 0.13 * -0.28 0.14 * -0.20 0.34 
 
-0.22 0.82 
 
-0.23 0.83 
 School SES 50 or more percent 
    -0.67 0.13 *** -0.67 0.13 *** -0.60 0.41 
 
-0.59 0.68 
 
-0.58 0.68 
 Class size 
    0.05 0.04 
 
0.05 0.03 
 
0.04 0.04 
 
0.04 0.03 
 
0.04 0.03 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.04 0.09 
 
-0.03 0.09 
 
-0.01 0.07 
 
-0.09 0.11 
 Female teacher 
       0.00 0.10 
 
-0.23 0.28 
 
-0.46 0.58 
 
-0.46 0.58 
 
Block 4 
       
            
Mathematics major 
          0.04 0.09 
 
0.04 0.10 
 
0.08 0.11 
 Mathematics minor 
          0.06 0.06 
 
0.05 0.07 
 
-0.01 0.09 
 Advanced degree 
          0.03 0.05 
 
0.04 0.05 
 
0.04 0.05 
 Probability of mathematics major 
          -11.38 10.19 
 
-12.64 7.47 
 
-12.70 7.54 
 Probability of mathematics minor 
          10.95 6.41 
 
10.82 8.40 
 
10.75 8.50 
 
Block 5 
          
         
Mathematics content PD 
             -0.05 0.05 
 
-0.06 0.06 
 Mathematics pedagogy PD 
             0.03 0.05 
 
0.04 0.06 
 Probability of mathematics content PD 
             2.32 2.32 
 
2.40 2.36 
 Probability of mathematics pedagogy PD 
             -2.21 4.50 
 
-2.22 4.46 
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Block 6 
             
      
Mathematics major*New teacher 
                -0.30 0.26 
 Mathematics minor*New teacher 
                0.37 0.27 
 Mathematics content PD*New teacher 
                0.09 0.13 
 Mathematics pedagogy PD*New teacher                                 0.00 0.13   
Variance components UC Model 1 Model 2 Model 2 Model 4 Model 5 Model 6 
Level-2 variance 0.29 0.30 0.20 0.20 0.14 0.12 0.11 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Number of home study supports - 0.01 0.01 0.01 0.01 0.01 0.01 
Level-1 variance 0.71 0.67 0.67 0.67 0.67 0.67 0.67 
Proportion variance explained               
Proportion level-1 variance explained - 0.06 - - - - - 
Proportion level-2 variance explained - - 0.34 0.34 0.54 0.61 0.62 
Proportion total variance explained - 0.03 0.10 0.10 0.17 0.19 0.19 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
 
 
 
 
 
 
 
 
 
 
 
 
 147 
 Table 23 shows the models for reasoning in fourth grade mathematics. Only two student-
level variables were significant in the final model. More home supports ( ̂      ) and students 
liking mathematics ( ̂     ) were associated with higher achievement. The observed 
relationships were small. As shown in Table 23, no predictors related to the research questions 
were significant in the final model, so proportions of variance explained are not discussed here. 
Conditional models for fourth grade science. This next section reports the fourth grade 
science results. Table 24 presents the successive models for overall fourth grade science. In the 
final model, only three student-level variables were significant. More home supports ( ̂      ) 
and students liking science ( ̂      ) were associated with higher achievement. Being female 
( ̂       ) was associated with statistically lower scores. The sizes of these relationships were 
small. The probability of teachers’ receipt of science pedagogy-focused professional 
development was also statistically significant, though this parameter ( ̂      ) is not of 
substantive interest because it does not directly address a research question and its inclusion in 
the model is intended to reduce the plausibility of selection bias. The reader will note that this 
coefficient is so large because it represents the standardized student achievement difference 
between a teacher with a 0% and 100% chance of having that “treatment,” given the variables in 
the propensity score analysis. 
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Table 23 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Reasoning in Fourth Grade Mathematics 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.01 0.03 
 
0.42 0.12 ** 0.44 0.13 ** 0.15 0.66 
 
0.00 2.91 
 
-0.02 2.92 
 
Block 1 
 
                  
Number of home study supports 
 0.09 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 
Female student 
 -0.05 0.02 * -0.05 0.02 * -0.05 0.02 * -0.05 0.02 * -0.05 0.02 * -0.05 0.02 
 Students like mathematics 
 0.14 0.02 *** 0.14 0.02 *** 0.14 0.02 *** 0.14 0.02 *** 0.14 0.02 *** 0.14 0.02 *** 
Block 2 
 
                  
School size 
    0.04 0.04 
 
0.04 0.04 
 
0.02 0.04 
 
0.02 0.03 
 
0.02 0.03 
 School SES 11-25 percent 
    -0.04 0.14 
 
-0.04 0.14 
 
-0.69 0.32 
 
-0.48 0.25 
 
-0.47 0.26 
 School SES 26-50 percent 
    -0.28 0.13 * -0.27 0.13 * -0.19 0.34 
 
-0.22 0.81 
 
-0.23 0.82 
 School SES 50 or more percent 
    -0.68 0.13 *** -0.68 0.13 *** -0.61 0.40 
 
-0.60 0.67 
 
-0.59 0.67 
 Class size 
    0.05 0.04 
 
0.05 0.04 
 
0.05 0.04 
 
0.05 0.03 
 
0.05 0.03 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.05 0.09 
 
-0.04 0.09 
 
-0.02 0.07 
 
-0.10 0.11 
 Female teacher 
       -0.01 0.09 
 
-0.23 0.27 
 
-0.45 0.59 
 
-0.45 0.58 
 
Block 4 
       
            
Mathematics major 
          0.05 0.09 
 
0.05 0.10 
 
0.09 0.11 
 Mathematics minor 
          0.06 0.07 
 
0.05 0.07 
 
0.00 0.09 
 Advanced degree 
          0.02 0.05 
 
0.03 0.05 
 
0.03 0.05 
 Probability of mathematics major 
          -11.11 9.98 
 
-12.39 7.38 
 
-12.45 7.46 
 Probability of mathematics minor 
          10.59 6.33 
 
10.41 8.35 
 
10.34 8.46 
 
Block 5 
          
         
Mathematics content PD 
             -0.04 0.05 
 
-0.06 0.06 
 Mathematics pedagogy PD 
             0.03 0.05 
 
0.03 0.06 
 Probability of mathematics content PD 
             2.33 2.29 
 
2.41 2.33 
 Probability of mathematics pedagogy PD 
             -2.15 4.44 
 
-2.16 4.41 
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Block 6 
             
      
Mathematics major*New teacher 
                -0.29 0.26 
 Mathematics minor*New teacher 
                0.34 0.27 
 Mathematics content PD*New teacher 
                0.08 0.13 
 Mathematics pedagogy PD*New teacher                                 0.01 0.13   
Variance components UC Model 1 Model 2 Model 2 Model 4 Model 5 Model 6 
Level-2 variance 0.29 0.29 0.19 0.19 0.13 0.11 0.11 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Number of home study supports - 0.01 0.01 0.01 0.01 0.01 0.01 
Level-1 variance 0.72 0.69 0.69 0.69 0.69 0.69 0.69 
Proportion variance explained               
Proportion level-1 variance explained - 0.05 - - - - - 
Proportion level-2 variance explained - - 0.35 0.35 0.55 0.62 0.63 
Proportion total variance explained - 0.03 0.10 0.10 0.16 0.18 0.19 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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It is perhaps not surprising that this propensity score for science pedagogy professional 
development was statistically predictive of achievement. Of all the logistic regression analyses 
used for the propensity score analysis in fourth grade science, the logistic regression model for 
attainment of science pedagogy professional development was the most robust in terms of 
predictive power (i.e., pseudo-  ). In fact, this was the only propensity score in fourth grade 
science where the model was significantly predictive of the “treatment” in all five multiply 
imputed datasets. The variables included in the propensity score model were better able to 
predict this particular “treatment” compared to the other “treatments,” thus this propensity score 
probably carries more information than the others about factors related to the probability of the 
“treatment” itself. Substantively, this might imply that teachers’ receipt of science pedagogy 
professional development depends more so on the school quality variables comprising the 
propensity scores than do other forms of teacher education (e.g., a teacher receiving mathematics 
content professional development, a teacher having a mathematics degree). Whereas science 
content professional development and teachers with degrees in science might be evenly 
distributed across schools, schools that tend to have higher achievement might be likely to 
pursue science pedagogy professional development. This relationship between the science 
pedagogy professional development propensity score and student achievement was observed for 
fourth grade science overall achievement, as well as knowing, applying, and reasoning in fourth 
grade science. 
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Table 24 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Overall Fourth Grade Science 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 5 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.07 0.03 * 0.49 0.12 *** 0.44 0.15 ** 1.19 2.78 
 
1.71 2.53 
 
1.70 2.53 
 
Block 1 
 
                  
Number of home study supports 
 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 
Students like science 
 0.12 0.02 *** 0.12 0.01 *** 0.12 0.02 *** 0.12 0.02 *** 0.12 0.02 *** 0.12 0.02 *** 
Female student 
 -0.11 0.02 *** -0.11 0.02 *** -0.11 0.02 *** -0.11 0.02 *** -0.11 0.02 *** -0.11 0.02 *** 
Block 2 
 
                  
School size 
    0.03 0.04 
 
0.03 0.04 
 
0.02 0.04 
 
0.00 0.01 
 
0.00 0.01 
 School SES 11-25 percent 
    -0.08 0.15 
 
-0.09 0.13 
 
-0.11 0.18 
 
-0.20 0.37 
 
-0.20 0.37 
 School SES 26-50 percent 
    -0.28 0.13 * -0.29 0.12 * -0.48 1.17 
 
0.11 0.49 
 
0.12 0.49 
 School SES 50 or more percent 
    -0.72 0.13 *** -0.74 0.12 *** -0.94 0.61 
 
-0.57 0.31 
 
-0.57 0.31 
 Class size 
    0.01 0.04 
 
0.01 0.04 
 
0.01 0.04 
 
0.01 0.01 
 
0.02 0.01 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       0.08 0.09 
 
0.05 0.09 
 
0.01 0.04 
 
0.00 0.06 
 Female teacher 
       0.05 0.12 
 
-0.02 0.58 
 
0.41 0.32 
 
0.41 0.32 
 
Block 4 
       
            
Science major 
          0.01 0.10 
 
-0.01 0.05 
 
-0.04 0.06 
 Science minor 
          0.06 0.10 
 
0.01 0.05 
 
0.03 0.05 
 Advanced degree 
          -0.02 0.05 
 
0.00 0.03 
 
0.00 0.03 
 Probability of science major 
          -5.38 12.01 
 
-4.89 7.88 
 
-4.86 7.94 
 Probability of science minor 
          -1.50 13.46 
 
-3.49 10.67 
 
-3.44 10.61 
 
Block 5 
          
         
Science content PD 
             0.01 0.03 
 
-0.02 0.03 
 Science pedagogy PD 
             -0.01 0.04 
 
0.01 0.04 
 Probability of science content PD 
             -8.36 5.88 
 
-8.37 5.90 
 Probability of science pedagogy PD 
             8.20 3.01 * 8.24 3.02 * 
 152 
Block 6 
             
      
Science major*New teacher 
                0.10 0.13 
 Science minor*New teacher 
                -0.12 0.11 
 Science content PD*New teacher 
                0.10 0.10 
 Science pedagogy PD*New teacher                                 -0.08 0.09   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.32 0.31 0.20 0.20 0.14 0.03 0.03 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like science - 0.01 0.01 0.01 0.01 0.01 0.01 
Number of home study supports - 0.01 0.01 0.01 0.01 0.01 0.01 
Level-1 variance 0.69 0.65 0.65 0.65 0.65 0.65 0.65 
Proportion variance explained               
Proportion level-1 variance explained - 0.06 - - - - - 
Proportion level-2 variance explained - - 0.36 0.37 0.55 0.90 0.90 
Proportion total variance explained - 0.04 0.12 0.12 0.18 0.29 0.29 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 25 presents the models for knowing in fourth grade science. In the final model, 
only three student-level variables were significant. More home supports ( ̂  .12) and students 
liking science ( ̂   .12) were associated with higher achievement. Being female ( ̂      ) was 
also associated with statistically lower scores. While the magnitudes of these relationships are 
small, it bears noting that these predictors were consistently statistically significant across the 
grade/subject/outcome models thus far (with the exception of gender for fourth grade 
mathematics reasoning). The probability of teachers’ receipt of science pedagogy-focused 
professional development was also statistically significant ( ̂      ), though this parameter is 
not of substantive interest. For reasons stated in the overall fourth grade science achievement 
results, it is perhaps not surprising that this predictor was significant.  
Table 26 presents the models for applying in fourth grade science. Only three student-
level variables were significant in the final statistical model. More home supports ( ̂     ) and 
students liking science ( ̂      ) were again associated with higher achievement. Being female 
was associated with statistically lower scores ( ̂       ). Again, the magnitudes of these 
relationships were small. The probability of teachers’ receipt of science pedagogy-focused 
professional development was also statistically significant ( ̂       ).  
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Table 25 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Knowing in Fourth Grade Science  
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 5 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.07 0.03 * 0.51 0.12 *** 0.45 0.14 ** 1.17 2.65 
 
1.66 2.48 
 
1.64 2.48 
 
Block 1 
 
                  
Number of home study supports 
 0.13 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 
Students like science 
 0.12 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 0.12 0.01 *** 
Female student 
 -0.12 0.03 *** -0.12 0.02 *** -0.12 0.03 *** -0.12 0.03 *** -0.11 0.03 *** -0.11 0.03 *** 
Block 2 
 
                  
School size 
    0.03 0.04 
 
0.03 0.03 
 
0.01 0.04 
 
-0.01 0.01 
 
-0.01 0.01 
 School SES 11-25 percent 
    -0.10 0.15 
 
-0.11 0.12 
 
-0.12 0.17 
 
-0.19 0.37 
 
-0.19 0.37 
 School SES 26-50 percent 
    -0.28 0.13 * -0.29 0.12 * -0.48 1.11 
 
0.11 0.47 
 
0.12 0.46 
 School SES 50 or more percent 
    -0.75 0.13 *** -0.76 0.11 *** -0.95 0.58 
 
-0.59 0.30 
 
-0.58 0.30 
 Class size 
    0.02 0.04 
 
0.02 0.04 
 
0.01 0.04 
 
0.02 0.02 
 
0.02 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       0.08 0.08 
 
0.06 0.09 
 
0.02 0.04 
 
0.01 0.05 
 Female teacher 
       0.07 0.11 
 
0.00 0.55 
 
0.42 0.32 
 
0.42 0.31 
 
Block 4 
   
 
   
            
Science major 
         
 
0.00 0.09 
 
-0.02 0.06 
 
-0.05 0.06 
 Science minor 
          0.03 0.09 
 
-0.01 0.05 
 
0.01 0.06 
 Advanced degree 
          -0.01 0.05 
 
0.01 0.03 
 
0.01 0.03 
 Probability of science major 
          -5.45 11.59 
 
-4.95 7.71 
 
-4.94 7.77 
 Probability of science minor 
          -1.33 12.84 
 
-3.30 10.47 
 
-3.25 10.42 
 
Block 5 
         
 
         
Science content PD 
             -0.02 0.04 
 
-0.04 0.04 
 Science pedagogy PD 
             -0.01 0.04 * 0.01 0.05 
 Probability of science content PD 
          
 
  -8.07 5.75 
 
-8.08 5.78 
 Probability of science pedagogy PD 
             7.97 2.94 * 8.00 2.94 * 
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Block 6 
             
      
Science major*New teacher 
                0.10 0.13 
 Science minor*New teacher 
                -0.12 0.13 
 Science content PD*New teacher 
  
 
             0.12 0.10 
 Science pedagogy PD*New teacher                                 -0.10 0.10   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.32 0.31 0.19 0.19 0.14 0.04 0.03 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like science - 0.01 0.01 0.01 0.01 0.01 0.01 
Number of home study supports - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.68 0.64 0.64 0.64 0.64 0.64 0.64 
Proportion variance explained               
Proportion level-1 variance explained - 0.06 - - - - - 
Proportion level-2 variance explained - - 0.39 0.40 0.56 0.89 0.89 
Proportion total variance explained - 0.05 0.13 0.13 0.18 0.29 0.29 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 26 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Applying in Fourth Grade Science 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 5 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.10 0.03 ** 0.53 0.12 *** 0.47 0.15 ** 1.24 2.71 
 
1.74 2.45 
 
1.72 2.45 
 
Block 1 
 
                  
Number of home study supports 
 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 
Students like science 
 0.14 0.01 *** 0.14 0.01 *** 0.14 0.01 *** 0.14 0.01 *** 0.13 0.01 *** 0.13 0.01 *** 
Female student 
 -0.17 0.02 *** -0.17 0.02 *** -0.17 0.02 *** -0.17 0.02 *** -0.17 0.02 *** -0.17 0.02 *** 
Block 2 
 
                  
School size 
    0.03 0.04 
 
0.03 0.04 
 
0.02 0.04 
 
-0.01 0.01 
 
-0.01 0.01 
 School SES 11-25 percent 
    -0.10 0.15 
 
-0.10 0.12 
 
-0.12 0.17 
 
-0.20 0.37 
 
-0.19 0.38 
 School SES 26-50 percent 
    -0.28 0.13 * -0.29 0.12 * -0.49 1.14 
 
0.10 0.48 
 
0.11 0.48 
 School SES 50 or more percent 
    -0.74 0.13 *** -0.75 0.11 *** -0.95 0.60 
 
-0.59 0.31 
 
-0.58 0.31 
 Class size 
    0.02 0.04 
 
0.02 0.04 
 
0.01 0.04 
 
0.02 0.02 
 
0.02 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       0.08 0.08 
 
0.05 0.09 
 
0.02 0.04 
 
0.00 0.05 
 Female teacher 
       0.06 0.12 
 
-0.02 0.56 
 
0.41 0.32 
 
0.42 0.31 
 
Block 4 
       
            
Science major 
          0.00 0.10 
 
-0.02 0.06 
 
-0.05 0.07 
 Science minor 
          0.03 0.09 
 
-0.01 0.05 
 
0.01 0.05 
 Advanced degree 
          -0.01 0.05 
 
0.01 0.03 
 
0.01 0.03 
 Probability of science major 
     
 
    -5.52 11.74 
 
-5.02 7.66 
 
-4.99 7.72 
 Probability of science minor 
          -1.67 13.16 
 
-3.71 10.43 
 
-3.64 10.37 
 
Block 5 
          
    
 
    
Science content PD 
     
 
       -0.01 0.03 
 
-0.03 0.04 
 Science pedagogy PD 
             -0.02 0.04 
 
0.00 0.05 
 Probability of science content PD 
             -8.24 5.77 
 
-8.25 5.78 
 Probability of science pedagogy PD 
             8.16 2.95 * 8.19 2.95 * 
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Block 6 
             
      
Science major*New teacher 
                0.08 0.13 
 Science minor*New teacher 
                -0.14 0.13 
 Science content PD*New teacher 
                0.12 0.10 
 Science pedagogy PD*New teacher                                 -0.10 0.09   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.32 0.32 0.20 0.20 0.14 0.04 0.03 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like science - 0.01 0.01 0.01 0.01 0.01 0.01 
Number of home study supports - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.68 0.64 0.64 0.64 0.64 0.64 0.64 
Proportion variance explained               
Proportion level-1 variance explained - 0.07 - - - - - 
Proportion level-2 variance explained - - 0.38 0.39 0.56 0.89 0.89 
Proportion total variance explained - 0.05 0.13 0.13 0.18 0.29 0.29 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 27 shows the models for reasoning in fourth grade science. Only two student-level 
variables were significant in the final model. More home supports ( ̂     ) and students liking 
science ( ̂      ) were associated with higher achievement. As seen in fourth grade 
mathematics reasoning, student sex was not statistically distinguishable in the final model for 
fourth grade science reasoning. This particular finding in these two models (fourth grade 
mathematics reasoning and fourth grade science reasoning) that student sex was not statistically 
significant represented a deviation from all other grade/subject/outcome models thus far in which 
student sex was found to be significant. The observed relationships were small. The probability 
of teachers’ receipt of science pedagogy-focused professional development was also statistically 
significant ( ̂      ). For reasons stated in the overall fourth grade science achievement results, 
it is perhaps not surprising that this predictor was significant.  
Conditional models for eighth grade mathematics. This next section reports the eighth 
grade mathematics results. Table 28 presents the successive models for overall eighth grade 
mathematics. The three student level variables were again statistically significant. Increases in 
home educational resources ( ̂      ) and student liking of mathematics ( ̂      ) were 
associated with higher achievement. Being female ( ̂      ) was associated with statistically 
lower achievement. The sizes of these relationships were again small. 
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Table 27 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Reasoning in Fourth Grade Science 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 5 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.00 0.04 
 
0.41 0.12 *** 0.36 0.16 * 1.15 2.83 
 
1.68 2.59 
 
1.66 2.59 
 
Block 1 
 
                  
Number of home study supports 
 0.09 0.01 *** 0.09 0.01 *** 0.09 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 0.08 0.01 *** 
Students like science 
 0.10 0.02 *** 0.10 0.01 *** 0.10 0.02 *** 0.10 0.02 *** 0.10 0.02 *** 0.10 0.02 *** 
Female student 
 0.01 0.04 
 
0.01 0.02 *** 0.01 0.04 
 
0.01 0.04 
 
0.01 0.04 
 
0.01 0.04 
 
Block 2 
 
 
                 
School size 
    0.04 0.04 
 
0.04 0.04 
 
0.03 0.04 
 
0.00 0.01 
 
0.00 0.01 
 School SES 11-25 percent 
    -0.08 0.15 
 
-0.09 0.13 
 
-0.11 0.18 
 
-0.19 0.38 
 
-0.19 0.38 
 School SES 26-50 percent 
    -0.25 0.13 * -0.27 0.13 * -0.47 1.18 
 
0.13 0.51 
 
0.14 0.50 
 School SES 50 or more percent 
    -0.71 0.13 *** -0.72 0.12 *** -0.93 0.62 
 
-0.56 0.32 
 
-0.56 0.32 
 Class size 
    0.02 0.04 
 
0.02 0.04 
 
0.01 0.04 
 
0.02 0.02 
 
0.03 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       0.07 0.09 
 
0.04 0.09 
 
0.01 0.04 
 
-0.01 0.05 
 Female teacher 
     
 
 0.06 0.12 
 
-0.01 0.58 
 
0.42 0.34 
 
0.43 0.33 
 
Block 4 
       
            
Science major 
          -0.01 0.10 
 
-0.02 0.06 
 
-0.05 0.06 
 Science minor 
          0.05 0.10 
 
0.00 0.05 
 
0.02 0.05 
 Advanced degree 
          -0.01 0.06 
 
0.01 0.03 
 
0.01 0.03 
 Probability of science major 
          -5.73 12.26 
 
-5.23 8.09 
 
-5.17 8.15 
 Probability of science minor 
          -1.58 13.64 
 
-3.68 10.93 
 
-3.60 10.87 
 
Block 5 
          
         
Science content PD 
           
 
 0.00 0.04 
 
-0.03 0.04 
 Science pedagogy PD 
             -0.02 0.04 
 
0.00 0.05 
 Probability of science content PD 
             -8.47 5.99 
 
-8.48 6.00 
 Probability of science pedagogy PD 
             8.33 3.05 * 8.37 3.05 * 
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Block 6 
    
 
        
 
 
    
Science major*New teacher 
     
 
          0.06 0.13 
 Science minor*New teacher 
                -0.14 0.14 
 Science content PD*New teacher 
                0.12 0.10 
 Science pedagogy PD*New teacher                                 -0.09 0.09   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.33 0.33 0.21 0.21 0.15 0.04 0.04 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Students like science - 0.01 0.01 0.01 0.01 0.01 0.01 
Number of home study supports - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.69 0.66 0.66 0.66 0.66 0.66 0.66 
Proportion variance explained               
Proportion level-1 variance explained - 0.04 - - - - - 
Proportion level-2 variance explained - - 0.35 0.36 0.54 0.88 0.88 
Proportion total variance explained - 0.02 0.12 0.12 0.18 0.29 0.29 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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In addition, having a female teacher ( ̂       ) was associated with statistically lower 
achievement, and the magnitude of this relationship was large in the final model. However, 
inspection of the magnitude and significance of this particular coefficient across the successive 
models in which the female teacher dummy variable was included reveals instability and changes 
in its magnitude (and significance). The relationship between achievement and having a female 
teacher was statistically non-existent when the female teacher variable was first entered into the 
model ( ̂                        ), and the coefficient increased dramatically as additional 
level-2 variables were added to the model. The author takes this volatility in the teacher sex 
estimate as evidence that this finding is an artifact driven by collinearity issues in a statistical 
model with many contextual variables. Finally, the probability of having a mathematics 
education degree was statistically significant ( ̂       ). This coefficient is so large because it 
represents the standardized student achievement difference between a teacher with a 0% and 
100% chance of having that “treatment,” given the variables in the propensity score analysis. 
Unlike the significance of the propensity score for science pedagogy professional development in 
fourth grade science, it is less clear why the mathematics education major propensity score was 
statistically predictive of eighth grade mathematics achievement whereas other propensity scores 
were not. Of all the logistic regression analyses used for the propensity score analysis, the 
logistic regression models for a mathematics education major were not particularly predictive of 
the “treatment,” especially when compared to the models predicting professional development 
“treatments.” The logistic regression model was only significantly predictive of the mathematics 
education degree “treatment” in two of the five multiply imputed datasets. Moreover, the mean 
pseudo-   across the five logistic regression models for the mathematics education degree was 
typical (and small) when considered among the distribution of the mean pseudo-  s for the 19 
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other “treatments.“ However, the significance of this propensity score might suggest that that 
schools with higher achievement tend to seek out teachers with this particular degree, as it 
presumably reflects degrees of both content knowledge and pedagogical content knowledge in 
mathematics. The significance of the mathematics education degree propensity score was 
observed for eighth grade mathematics overall achievement, as well as knowing, applying, and 
reasoning in eighth grade mathematics.  
Table 29 presents the models for knowing in eighth grade mathematics. Only two student 
level variables were statistically significant. Increases in home educational resources ( ̂      ) 
and student liking of mathematics ( ̂      ) were associated with higher achievement, with the 
magnitudes of these relationships being small. Male and female students were not statistically 
distinguishable. In addition, having a female teacher ( ̂        ) was again associated with 
statistically lower achievement. While this relationship was large, the changes seen in the 
coefficient with the addition of other variables suggested possible collinearity issues. It is not 
surprising that this coefficient was also significant for knowing in eighth grade mathematics, as 
the model included the same variables as for the overall eighth grade mathematics achievement 
models, replete with their collinearity; the same logic applies to the two other eighth grade 
mathematics models. Finally, the probability of having a mathematics education degree was 
statistically significant ( ̂       ). 
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Table 28 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Overall Eighth Grade Mathematics 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 -0.05 0.04 
 
0.34 0.12 *** 0.31 0.11 ** -2.81 1.04 * -9.66 3.02 * -9.65 3.02 * 
Block 1 
 
                  
Home educational resources 
 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 
Female student 
 -0.06 0.02 ** -0.06 0.02 *** -0.06 0.02 ** -0.06 0.02 ** -0.07 0.02 ** -0.07 0.02 ** 
Students like mathematics 
 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 
Block 2 
 
                  
School size 
    -0.01 0.04 
 
-0.01 0.04 
 
0.00 0.03 
 
0.00 0.02 
 
0.00 0.02 
 School SES 11-25 percent 
    -0.05 0.15 
 
-0.04 0.12 
 
-1.13 0.39 * -0.90 1.96 
 
-0.90 1.96 
 School SES 26-50 percent 
    -0.42 0.13 * -0.42 0.11 *** -0.40 0.25 
 
-0.36 1.00 
 
-0.36 1.00 
 School SES 50 or more percent 
    -0.63 0.13 *** -0.62 0.11 *** -0.56 0.29 
 
-1.49 1.07 
 
-1.49 1.07 
 Class size 
    0.08 0.04 
 
0.08 0.05 
 
0.01 0.04 
 
0.00 0.02 
 
0.00 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.08 0.08 
 
-0.01 0.06 
 
0.00 0.03 
 
-0.01 0.09 
 Female teacher 
       0.07 0.09 
 
-0.56 0.42 
 
-1.43 0.50 * -1.43 0.50 * 
Block 4 
       
            
Mathematics major 
          0.03 0.05 
 
0.01 0.03 
 
0.00 0.03 
 Mathematics education major 
          -0.02 0.06 
 
-0.01 0.03 
 
0.00 0.03 
 Advanced degree 
          -0.01 0.06 
 
0.01 0.03 
 
0.01 0.03 
 Probability of mathematics major 
          -2.34 2.26 
 
-4.76 2.88 
 
-4.75 2.88 
 Probability of mathematics education major 
          9.12 0.96 *** 13.53 1.59 *** 13.52 1.60 *** 
Block 5 
          
         
Mathematics content PD 
             0.05 0.04 
 
0.06 0.05 
 Mathematics pedagogy PD 
             0.00 0.03 
 
-0.01 0.05 
 Probability of mathematics content PD 
             1.97 11.85 
 
1.96 11.86 
 Probability of mathematics pedagogy PD 
             7.02 10.59 
 
7.01 10.60 
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Block 6 
             
      
Mathematics major*New teacher 
                0.02 0.05 
 Mathematics education major*New teacher 
                -0.03 0.06 
 Mathematics content PD*New teacher 
                -0.04 0.08 
 Mathematics pedagogy PD*New teacher                                 0.06 0.08   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.65 0.56 0.48 0.48 0.25 0.03 0.03 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.39 0.35 0.35 0.35 0.36 0.36 0.36 
Proportion variance explained               
Proportion level-1 variance explained - 0.10 - - - - - 
Proportion level-2 variance explained - - 0.14 0.15 0.55 0.95 0.95 
Proportion total variance explained - 0.13 0.09 0.09 0.34 0.58 0.58 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
 
  
 
 165 
Table 29 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Knowing in Eighth Grade Mathematics 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 -0.07 0.04 
 
0.30 0.12 *** 0.28 0.11 * -2.84 1.06 * -9.64 2.98 * -9.63 2.99 * 
Block 1 
 
                  
Home educational resources 
 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 
Female student 
 -0.02 0.02 
 
-0.02 0.02 *** -0.02 0.02 
 
-0.02 0.02 
 
-0.03 0.02 
 
-0.03 0.02 
 Students like mathematics 
 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 
Block 2 
 
                  
School size 
    -0.01 0.04 
 
-0.01 0.04 
 
0.00 0.03 
 
0.01 0.02 
 
0.01 0.02 
 School SES 11-25 percent 
    -0.03 0.15 
 
-0.02 0.12 
 
-1.11 0.39 * -0.91 1.97 
 
-0.91 1.97 
 School SES 26-50 percent 
    -0.40 0.13 * -0.40 0.11 *** -0.39 0.25 
 
-0.36 1.00 
 
-0.36 1.00 
 School SES 50 or more percent 
    -0.61 0.13 *** -0.60 0.11 *** -0.54 0.30 
 
-1.47 1.08 
 
-1.47 1.08 
 Class size 
    0.08 0.04 
 
0.08 0.05 
 
0.01 0.04 
 
0.00 0.02 
 
0.00 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.08 0.08 
 
-0.02 0.06 
 
-0.01 0.03 
 
-0.02 0.09 
 Female teacher 
       0.06 0.09 
 
-0.57 0.42 
 
-1.43 0.51 * -1.43 0.51 * 
Block 4 
       
            
Mathematics major 
          0.03 0.05 
 
0.01 0.02 
 
0.00 0.03 
 Mathematics education major 
          -0.02 0.06 
 
-0.01 0.03 
 
-0.01 0.03 
 Advanced degree 
          -0.01 0.06 
 
0.02 0.03 
 
0.02 0.03 
 Probability of mathematics major 
          -2.34 2.28 
 
-4.74 2.94 
 
-4.73 2.94 
 Probability of mathematics education major 
          9.08 0.98 *** 13.45 1.59 *** 13.44 1.59 *** 
Block 5 
          
         
Mathematics content PD 
             0.05 0.04 
 
0.06 0.05 
 Mathematics pedagogy PD 
             0.01 0.04 
 
0.00 0.05 
 Probability of mathematics content PD 
             2.08 11.86 
 
2.08 11.86 
 Probability of mathematics pedagogy PD 
             6.88 10.60 
 
6.87 10.61 
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Block 6 
             
      
Mathematics major*New teacher 
                0.02 0.05 
 Mathematics education major*New teacher 
                -0.03 0.07 
 Mathematics content PD*New teacher 
                -0.04 0.08 
 Mathematics pedagogy PD*New teacher                                 0.06 0.08   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.66 0.55 0.47 0.47 0.25 0.03 0.03 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.39 0.35 0.35 0.35 0.35 0.36 0.36 
Proportion variance explained               
Proportion level-1 variance explained - 0.10 - - - - - 
Proportion level-2 variance explained - - 0.14 0.14 0.55 0.94 0.94 
Proportion total variance explained - 0.14 0.09 0.09 0.33 0.57 0.57 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 30 presents the models for applying in eighth grade mathematics. Three student 
level variables were statistically significant. Increases in home educational resources ( ̂      ) 
and student liking of mathematics ( ̂      ) were associated with higher achievement, and 
being female ( ̂       ) was associated with statistically lower achievement. Again, the 
magnitudes of these relationships were small. Having a female teacher ( ̂       ) was again 
associated with statistically lower achievement in this final model. Possible explanations for this 
particular finding are reported in Chapter Five, namely that this finding is a statistical artifact of 
collinearity. Finally, the probability of having a mathematics education degree was again 
statistically significant ( ̂       ).  
Table 31 presents the models for reasoning in eighth grade mathematics. The three 
student level variables were statistically significant. Increases in home educational resources 
( ̂      ) and student liking of mathematics ( ̂      ) were associated with higher 
achievement, while being female ( ̂       ) was associated with statistically lower 
achievement. The sizes of these relationships were small. In addition, having a female teacher 
was again associated with statistically lower achievement ( ̂       ), which the author 
explains on account of collinearity issues as discussed earlier. Finally, the probability of having a 
mathematics education degree was statistically significant ( ̂       ). 
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Table 30 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Applying in Eighth Grade Mathematics 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 -0.04 0.04 
 
0.36 0.12 *** 0.32 0.12 ** -2.92 1.05 * -9.65 2.91 * -9.65 2.91 * 
Block 1 
 
                  
Home educational resources 
 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 
Female student 
 -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** -0.10 0.02 *** 
Students like mathematics 
 0.14 0.01 *** 0.14 0.01 *** 0.14 0.01 *** 0.14 0.01 *** 0.14 0.01 *** 0.14 0.01 *** 
Block 2 
 
                  
School size 
    0.00 0.04 
 
0.00 0.04 
 
0.01 0.03 
 
0.01 0.02 
 
0.01 0.02 
 School SES 11-25 percent 
    -0.04 0.15 
 
-0.03 0.12 
 
-1.13 0.39 * -0.87 2.02 
 
-0.87 2.02 
 School SES 26-50 percent 
    -0.42 0.13 * -0.42 0.11 *** -0.40 0.25 
 
-0.34 1.03 
 
-0.34 1.03 
 School SES 50 or more percent 
    -0.65 0.13 *** -0.64 0.11 *** -0.58 0.29 
 
-1.48 1.12 
 
-1.47 1.12 
 Class size 
    0.09 0.04 
 
0.09 0.05 
 
0.01 0.03 
 
0.01 0.02 
 
0.01 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.08 0.08 
 
-0.02 0.06 
 
0.00 0.03 
 
0.00 0.09 
 Female teacher 
       0.07 0.09 
 
-0.57 0.42 
 
-1.42 0.50 * -1.42 0.50 * 
Block 4 
       
            
Mathematics major 
          0.03 0.05 
 
0.01 0.03 
 
0.01 0.03 
 Mathematics education major 
          -0.02 0.06 
 
-0.01 0.03 
 
-0.01 0.03 
 Advanced degree 
          -0.02 0.06 
 
0.01 0.03 
 
0.01 0.03 
 Probability of mathematics major 
          -2.19 2.28 
 
-4.64 2.96 
 
-4.63 2.97 
 Probability of mathematics education major 
          9.23 0.97 *** 13.55 1.53 *** 13.53 1.52 *** 
Block 5 
          
         
Mathematics content PD 
             0.05 0.04 
 
0.06 0.05 
 Mathematics pedagogy PD 
             0.00 0.03 
 
-0.01 0.05 
 Probability of mathematics content PD 
             1.78 12.12 
 
1.77 12.12 
 Probability of mathematics pedagogy PD 
             7.11 10.70 
 
7.10 10.71 
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Block 6 
             
      
Mathematics major*New teacher 
                0.01 0.05 
 Mathematics education major*New teacher 
                -0.03 0.07 
 Mathematics content PD*New teacher 
                -0.05 0.08 
 Mathematics pedagogy PD*New teacher                                 0.05 0.08   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.68 0.58 0.49 0.49 0.25 0.04 0.04 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.38 0.35 0.35 0.35 0.35 0.35 0.35 
Proportion variance explained               
Proportion level-1 variance explained - 0.09 - - - - - 
Proportion level-2 variance explained - - 0.16 0.16 0.57 0.94 0.94 
Proportion total variance explained - 0.12 0.10 0.10 0.35 0.58 0.58 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 31 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Reasoning in Eighth Grade Mathematics 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 -0.04 0.04 
 
0.31 0.12 *** 0.28 0.11 * -2.74 0.99 * -9.08 2.75 * -9.09 2.75 * 
Block 1 
 
                  
Home educational resources 
 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.11 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 
Female student 
 -0.08 0.02 *** -0.08 0.02 *** -0.08 0.02 *** -0.08 0.02 *** -0.08 0.02 *** -0.08 0.02 *** 
Students like mathematics 
 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 
Block 2 
 
                  
School size 
    -0.01 0.04 
 
-0.01 0.04 
 
0.00 0.03 
 
0.01 0.02 
 
0.01 0.02 
 School SES 11-25 percent 
    -0.03 0.15 
 
-0.03 0.12 
 
-1.07 0.37 * -0.86 1.91 
 
-0.86 1.91 
 School SES 26-50 percent 
    -0.37 0.13 * -0.37 0.10 *** -0.36 0.24 
 
-0.32 0.98 
 
-0.32 0.98 
 School SES 50 or more percent 
    -0.57 0.13 *** -0.56 0.10 *** -0.50 0.28 
 
-1.38 1.06 
 
-1.37 1.06 
 Class size 
    0.08 0.04 
 
0.08 0.05 
 
0.01 0.03 
 
0.00 0.02 
 
0.00 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.07 0.08 
 
-0.01 0.06 
 
0.00 0.03 
 
0.02 0.09 
 Female teacher 
       0.06 0.09 
 
-0.54 0.40 
 
-1.35 0.48 * -1.35 0.48 * 
Block 4 
       
            
Mathematics major 
          0.03 0.05 
 
0.01 0.02 
 
0.01 0.03 
 Mathematics education major 
          -0.03 0.05 
 
-0.02 0.03 
 
-0.01 0.03 
 Advanced degree 
          -0.01 0.05 
 
0.02 0.03 
 
0.02 0.03 
 Probability of mathematics major 
          -2.17 2.14 
 
-4.47 2.78 
 
-4.46 2.79 
 Probability of mathematics education major 
          8.71 0.93 *** 12.80 1.45 *** 12.79 1.45 *** 
Block 5 
          
         
Mathematics content PD 
             0.05 0.04 
 
0.06 0.05 
 Mathematics pedagogy PD 
             0.01 0.03 
 
0.00 0.05 
 Probability of mathematics content PD 
             1.87 11.39 
 
1.86 11.39 
 Probability of mathematics pedagogy PD 
             6.51 10.10 
 
6.51 10.11 
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Block 6 
             
      
Mathematics major*New teacher 
                0.01 0.06 
 Mathematics education major*New teacher 
                -0.05 0.07 
 Mathematics content PD*New teacher 
                -0.04 0.08 
 Mathematics pedagogy PD*New teacher                                 0.03 0.08   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.59 0.50 0.43 0.43 0.22 0.03 0.03 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like mathematics - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.45 0.41 0.41 0.41 0.41 0.41 0.41 
Proportion variance explained               
Proportion level-1 variance explained - 0.10 - - - - - 
Proportion level-2 variance explained - - 0.14 0.14 0.56 0.95 0.95 
Proportion total variance explained - 0.14 0.08 0.08 0.31 0.52 0.52 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Supplemental conditional models for eighth grade mathematics. The reader will 
recall that the author originally intended to examine the interaction between various teacher 
knowledge “treatments” and various lengths of teaching experience (i.e., one year, two year, 
etc…). However, because of the joint distributions of these variables across all grades/subjects, 
for comparability the author opted to treat teaching experience as a single dummy variable 
representing whether a teacher has five or fewer years of experience. However, for eighth grade 
mathematics (and science) it was possible to conduct a more nuanced analysis so supplemental 
analyses were conducted for grade eight mathematics (and science). These models were the same 
as those reported earlier, although teaching experience was treated for analysis as a series of 
dummy variables representing various lengths of teaching. Interactions between those dummy 
variables and the “treatment” variables were also included in the model. 
 Table 32 presents fully conditional models for overall mathematics, knowing, applying, 
and reasoning in eighth grade mathematics. As this was a supplemental analysis, only the full 
models are reported. The main effects of teacher knowledge and the interactions between 
teaching experience and teacher knowledge were never significant, consistent with the earlier 
analyses. These analyses do not provide any additional evidence to shed light on research 
questions or support adopting a more nuanced analysis. 
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Table 32 
 
Summary of Supplemental Hierarchical Linear Model Estimates (and Standard Errors) for Eighth Grade Mathematics (Including All 
Regressor Variables) 
 
Parameter 
Overall Knowing Applying Reasoning 
Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept -9.64 3.04 * -9.64 3.02 * -9.63 2.93 * -9.09 2.79 * 
Home educational resources 0.10 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 0.10 0.01 *** 
Female student -0.07 0.02 ** -0.03 0.02 
 
-0.10 0.02 *** -0.08 0.02 *** 
Students like mathematics 0.16 0.01 *** 0.17 0.01 *** 0.14 0.01 *** 0.17 0.01 *** 
School size 0.00 0.02 
 
0.01 0.02 
 
0.01 0.02 
 
0.01 0.02 
 School SES 11-25 percent -0.91 1.96 
 
-0.93 1.97 
 
-0.89 2.03 
 
-0.88 1.92 
 School SES 26-50 percent -0.36 1.00 
 
-0.36 1.01 
 
-0.34 1.03 
 
-0.33 0.98 
 School SES 50 or more percent -1.49 1.08 
 
-1.48 1.09 
 
-1.48 1.13 
 
-1.38 1.06 
 Class size 0.00 0.02 
 
0.00 0.02 
 
0.01 0.02 
 
0.00 0.02 
 First year -0.05 0.12 
 
-0.05 0.12 
 
-0.06 0.11 
 
-0.05 0.12 
 Second year -0.12 0.18 
 
-0.16 0.16 
 
-0.10 0.18 
 
-0.03 0.19 
 Third year 0.06 0.13 
 
0.03 0.14 
 
0.07 0.12 
 
0.05 0.13 
 Fourth year 0.08 0.15 
 
0.12 0.14 
 
0.11 0.14 
 
0.18 0.16 
 Fifth year -0.10 0.22 
 
-0.07 0.22 
 
-0.06 0.24 
 
-0.04 0.22 
 Female teacher -1.42 0.50 * -1.43 0.51 * -1.42 0.50 * -1.35 0.48 * 
Mathematics major 0.00 0.03 
 
0.00 0.03 
 
0.01 0.03 
 
0.01 0.03 
 Mathematics education major 0.00 0.03 
 
-0.01 0.03 
 
-0.01 0.03 
 
-0.01 0.03 
 Advanced degree 0.01 0.03 
 
0.02 0.03 
 
0.01 0.03 
 
0.01 0.03 
 Probability of mathematics major -4.75 2.94 
 
-4.74 3.00 
 
-4.64 3.03 
 
-4.48 2.84 
 Probability of mathematics education major 13.54 1.63 *** 13.47 1.62 *** 13.56 1.55 *** 12.83 1.49 *** 
Mathematics content PD 0.06 0.05 
 
0.06 0.05 
 
0.06 0.05 
 
0.06 0.05 
 Mathematics pedagogy PD -0.01 0.05 
 
0.00 0.05 
 
-0.01 0.05 
 
0.00 0.05 
 Probability of mathematics content PD 1.98 11.87 
 
2.12 11.88 
 
1.81 12.13 
 
1.93 11.39 
 Probability of mathematics pedagogy PD 6.97 10.58 
 
6.82 10.60 
 
7.04 10.70 
 
6.45 10.10 
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Mathematics major*First year -0.02 0.11 
 
-0.02 0.13 
 
-0.02 0.12 
 
-0.01 0.13 
 Mathematics education major*First year -0.02 0.10 
 
0.01 0.11 
 
0.01 0.11 
 
0.00 0.11 
 Mathematics content PD*First year -0.04 0.11 
 
-0.02 0.10 
 
-0.06 0.11 
 
-0.07 0.11 
 Mathematics pedagogy PD*First year 0.12 0.12 
 
0.09 0.11 
 
0.12 0.11 
 
0.09 0.12 
 Mathematics major*Second year 0.06 0.10 
 
0.04 0.10 
 
0.02 0.10 
 
0.00 0.11 
 Mathematics education major*Second year 0.10 0.12 
 
0.12 0.13 
 
0.11 0.13 
 
0.07 0.13 
 Mathematics content PD*Second year -0.07 0.18 
 
-0.05 0.17 
 
-0.11 0.17 
 
-0.10 0.17 
 Mathematics pedagogy PD*Second year 0.08 0.19 
 
0.09 0.18 
 
0.10 0.18 
 
0.03 0.19 
 Mathematics major*Third year -0.07 0.10 
 
-0.07 0.12 
 
-0.07 0.11 
 
-0.07 0.12 
 Mathematics education major*Third year -0.06 0.11 
 
-0.06 0.12 
 
-0.08 0.12 
 
-0.08 0.12 
 Mathematics content PD*Third year -0.06 0.10 
 
-0.05 0.12 
 
-0.06 0.11 
 
-0.03 0.12 
 Mathematics pedagogy PD*Third year 0.10 0.10 
 
0.10 0.11 
 
0.09 0.09 
 
0.10 0.11 
 Mathematics major*Fourth year -0.01 0.14 
 
0.00 0.14 
 
-0.04 0.14 
 
0.02 0.16 
 Mathematics education major*Fourth year -0.10 0.13 
 
-0.13 0.13 
 
-0.07 0.14 
 
-0.13 0.15 
 Mathematics content PD*Fourth year -0.10 0.19 
 
-0.09 0.18 
 
-0.11 0.17 
 
-0.08 0.21 
 Mathematics pedagogy PD*Fourth year 0.04 0.17 
 
-0.03 0.18 
 
0.00 0.19 
 
-0.09 0.20 
 Mathematics major*Fifth year 0.16 0.15 
 
0.20 0.16 
 
0.17 0.15 
 
0.17 0.15 
 Mathematics education major*Fifth year -0.04 0.09 
 
-0.06 0.11 
 
-0.05 0.11 
 
-0.09 0.11 
 Mathematics content PD*Fifth year -0.05 0.26 
 
-0.13 0.27 
 
-0.10 0.26 
 
-0.10 0.25 
 Mathematics pedagogy PD*Fifth year 0.12 0.15   0.13 0.18   0.12 0.18   0.12 0.17   
Note. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. *p<.05. **p<.01. 
***p<.001. 
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Conditional models for eighth grade science. The next section pertains to the eighth 
grade science results. The reader will recall that two sets of analyses were conducted for eighth 
grade science, which treated science content degrees in a general versus subject specific manner.   
General conditional models. The first set of results pertain to the models in which all science 
content degrees were collapsed into a single category representing any science degree. Table 33 
presents the successive model results for overall eighth grade science. The three student-level 
variables were significant. Increases in home educational resources ( ̂      ) and students 
liking of science ( ̂      ) were associated with increases in achievement, and being female 
( ̂      ) was associated with significantly lower achievement. The observed relationships 
were small. No predictors related to the research questions were significant in the final model, so 
proportions of variance explained are not interpreted here. 
Table 34 presents the model results for knowing in eighth grade science. The three 
student-level variables were again significant. Increases in home educational resources ( ̂  
    ) and students liking of science ( ̂      ) were associated with increases in achievement, 
whereas being female ( ̂       ) was associated with significantly lower achievement. The 
magnitudes of these relationships were again small. 
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Table 33 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Overall Eighth Grade Science (Any Science Degree)  
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.00 0.04 
 
0.34 0.07 *** 0.24 0.10 * -1.56 1.40 
 
-8.35 15.96 
 
-8.31 15.85 
 
Block 1 
 
                  
Home educational resources 
 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.17 0.02 *** 0.17 0.02 *** 
Female student 
 -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** 
Students like science 
 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 
Block 2 
 
               
 
  
School size 
    -0.01 0.04 
 
0.00 0.04 
 
-0.01 0.03 
 
-0.01 0.02 
 
-0.01 0.02 
 School SES 11-25 percent 
    -0.02 0.09 
 
0.02 0.09 
 
-0.06 0.61 
 
-0.75 3.05 
 
-0.75 3.03 
 School SES 26-50 percent 
    -0.33 0.09 *** -0.29 0.09 ** -0.22 0.31 
 
-0.44 1.30 
 
-0.45 1.30 
 School SES 50 or more percent 
    -0.58 0.08 *** -0.52 0.08 *** -0.24 0.29 
 
-0.13 0.55 
 
-0.14 0.55 
 Class size 
    0.09 0.04 * 0.07 0.04 * 0.04 0.04 
 
0.01 0.02 
 
0.01 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.12 0.12 
 
-0.05 0.08 
 
-0.02 0.06 
 
0.06 0.12 
 Female teacher 
       0.13 0.08 
 
0.28 0.28 
 
1.02 1.57 
 
1.02 1.57 
 
Block 4 
       
            
Science major 
          -0.02 0.05 
 
0.00 0.04 
 
-0.01 0.04 
 Science education major 
          -0.02 0.05 
 
-0.01 0.03 
 
-0.02 0.05 
 Advanced degree 
          0.04 0.07 
 
0.02 0.04 
 
0.02 0.04 
 Probability of science major 
          -2.92 3.40 
 
2.59 17.04 
 
2.59 16.96 
 Probability of science education major 
          7.47 2.38 * 5.47 13.12 
 
5.45 13.10 
 
Block 5 
          
         
Science content PD 
             0.00 0.05 
 
0.01 0.06 
 Science pedagogy PD 
             -0.01 0.04 
 
0.00 0.05 
 Probability of science content PD 
             1.34 16.04 
 
1.30 16.00 
 Probability of science pedagogy PD 
             4.16 12.95 
 
4.15 12.94 
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Block 6 
             
      
Science education major*New teacher 
                0.03 0.12 
 Science content PD*New teacher 
                -0.08 0.15 
 Science pedagogy PD*New teacher 
                -0.05 0.10 
 Science major*New teacher                                 0.02 0.10   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.53 0.42 0.34 0.34 0.20 0.08 0.08 
Female student - 0.01 0.01 0.01 0.01 0.01 0.02 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.51 0.45 0.45 0.45 0.45 0.45 0.45 
Proportion variance explained               
Proportion level-1 variance explained - 0.12 - - - - - 
Proportion level-2 variance explained - - 0.18 0.19 0.52 0.80 0.80 
Proportion total variance explained - 0.17 0.09 0.09 0.25 0.38 0.38 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 34 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Knowing in Eighth Grade Science (Any Science Degree) 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.04 0.04 
 
0.38 0.07 *** 0.30 0.10 ** -1.45 1.36 
 
-8.35 15.86 
 
-8.30 15.75 
 
Block 1 
 
                  
Home educational resources 
 0.19 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 
Female student 
 -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** 
Students like science 
 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 
Block 2 
 
                  
School size 
    0.00 0.04 
 
0.00 0.04 
 
-0.01 0.03 
 
-0.01 0.02 
 
-0.01 0.02 
 School SES 11-25 percent 
    -0.01 0.09 
 
0.02 0.09 
 
-0.04 0.59 
 
-0.74 3.02 
 
-0.74 3.01 
 School SES 26-50 percent 
    -0.31 0.09 *** -0.28 0.09 ** -0.20 0.30 
 
-0.39 1.28 
 
-0.40 1.27 
 School SES 50 or more percent 
    -0.60 0.09 *** -0.54 0.08 *** -0.26 0.28 
 
-0.14 0.54 
 
-0.14 0.54 
 Class size 
    0.09 0.04 * 0.08 0.04 * 0.04 0.04 
 
0.01 0.02 
 
0.01 0.02 
 
Block 3 
 
   
               
New teacher (5 or fewer years) 
       -0.14 0.12 
 
-0.05 0.08 
 
-0.01 0.07 
 
0.07 0.13 
 Female teacher 
       0.12 0.08 
 
0.26 0.26 
 
0.99 1.57 
 
0.99 1.56 
 
Block 4 
       
            
Science major 
          -0.01 0.05 
 
0.01 0.04 
 
0.00 0.04 
 Science education major 
          -0.02 0.05 
 
-0.01 0.03 
 
-0.02 0.05 
 Advanced degree 
          0.05 0.07 
 
0.03 0.04 
 
0.03 0.04 
 Probability of science major 
          -2.96 3.31 
 
2.68 16.87 
 
2.67 16.78 
 Probability of science education major 
          7.37 2.34 * 5.21 12.82 
 
5.19 12.80 
 
Block 5 
          
         
Science content PD 
 
            -0.01 0.03 
 
0.02 0.06 
 Science pedagogy PD 
             0.01 0.05 
 
0.00 0.05 
 Probability of science content PD 
             1.69 15.68 
 
1.64 15.63 
 Probability of science pedagogy PD 
             3.88 12.59 
 
3.88 12.58 
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Block 6 
             
      
Science education major*New teacher 
                0.04 0.13 
 Science content PD*New teacher 
                -0.06 0.15 
 Science pedagogy PD*New teacher 
                -0.07 0.11 
 Science major*New teacher                                 0.03 0.11   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.53 0.41 0.33 0.33 0.19 0.08 0.08 
Female student - 0.03 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.52 0.46 0.46 0.46 0.46 0.46 0.46 
Proportion variance explained               
Proportion level-1 variance explained - 0.13 - - - - - 
Proportion level-2 variance explained - - 0.19 0.20 0.53 0.80 0.80 
Proportion total variance explained - 0.17 0.09 0.10 0.25 0.37 0.38 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 35 presents the model results for applying eighth grade science. The three student-
level variables were again significant. Increases in home educational resources ( ̂      ) and 
students liking of science ( ̂      ) were associated with increases in achievement, and being 
female ( ̂       ) was associated with significantly lower achievement. The sizes of these 
relationships were small. 
Table 36 presents the model results for reasoning in eighth grade science. Two student-
level variables were significant, and one was not. Increases in home educational resources 
( ̂      ) and students liking of science ( ̂      ) were associated with increases in 
achievement, whereas there was no gender difference for this outcome. For home educational 
resources and students liking of science, the observed relationships were small. 
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Table 35 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Applying in Eighth Grade Science (Any Science Degree) 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.00 0.04 
 
0.35 0.07 *** 0.26 0.10 * -1.52 1.36 
 
-8.24 15.83 
 
-8.18 15.69 
 
Block 1 
 
                 
 
Home educational resources 
 0.18 0.02 *** 0.17 0.02 *** 0.17 0.02 *** 0.17 0.02 *** 0.16 0.02 *** 0.16 0.02 *** 
Female student 
 -0.12 0.02 *** -0.12 0.02 *** -0.12 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** 
Students like science 
 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 
Block 2 
 
                  
School size 
    0.00 0.04 
 
0.00 0.04 
 
-0.01 0.03 
 
-0.01 0.02 
 
-0.01 0.02 
 School SES 11-25 percent 
    0.00 0.09 
 
0.02 0.09 
 
-0.05 0.58 
 
-0.73 3.03 
 
-0.73 3.01 
 School SES 26-50 percent 
    -0.30 0.09 ** -0.27 0.09 ** -0.20 0.30 
 
-0.38 1.28 
 
-0.40 1.28 
 School SES 50 or more percent 
    -0.61 0.09 *** -0.55 0.08 *** -0.28 0.28 
 
-0.15 0.55 
 
-0.16 0.54 
 Class size 
    0.09 0.04 * 0.08 0.04 * 0.05 0.04 
 
0.02 0.02 
 
0.02 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.15 0.13 
 
-0.06 0.09 
 
-0.02 0.07 
 
0.06 0.13 
 Female teacher 
       0.13 0.08 
 
0.27 0.26 
 
0.98 1.55 
 
0.99 1.54 
 
Block 4 
       
            
Science major 
          -0.01 0.05 
 
0.01 0.04 
 
0.00 0.04 
 Science education major 
          -0.02 0.05 
 
-0.01 0.04 
 
-0.02 0.05 
 Advanced degree 
          0.05 0.07 
 
0.02 0.04 
 
0.02 0.04 
 Probability of science major 
          -2.87 3.27 
 
2.64 16.88 
 
2.62 16.78 
 Probability of science education major 
          7.34 2.29 * 5.16 12.97 
 
5.15 12.94 
 
Block 5 
          
         
Science content PD 
             0.00 0.05 
 
0.01 0.06 
 Science pedagogy PD 
             -0.02 0.04 
 
-0.01 0.05 
 Probability of science content PD 
             1.65 15.80 
 
1.59 15.74 
 Probability of science pedagogy PD 
             3.82 12.81 
 
3.83 12.78 
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Block 6 
             
      
Science education major*New teacher 
                0.04 0.14 
 Science content PD*New teacher 
                -0.08 0.15 
 Science pedagogy PD*New teacher 
                -0.07 0.11 
 Science major*New teacher                                 0.05 0.12   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.53 0.41 0.33 0.32 0.19 0.08 0.08 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.53 0.47 0.47 0.47 0.47 0.47 0.47 
Proportion variance explained               
Proportion level-1 variance explained - 0.12 - - - - - 
Proportion level-2 variance explained - - 0.20 0.22 0.54 0.80 0.80 
Proportion total variance explained - 0.17 0.09 0.10 0.25 0.38 0.38 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 36 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Reasoning in Eighth Grade Science (Any Science Degree) 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 -0.05 0.04 
 
0.32 0.07 *** 0.23 0.11 * -1.65 1.40 
 
-8.94 16.60 
 
-8.88 16.46 
 
Block 1 
 
                  
Home educational resources 
 0.17 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.15 0.02 *** 0.15 0.02 *** 
Female student 
 -0.05 0.02 
 
-0.05 0.02 
 
-0.05 0.02 
 
-0.05 0.02 
 
-0.05 0.03 
 
-0.05 0.03 
 Students like science 
 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 
Block 2 
 
                  
School size 
    0.01 0.04 
 
0.01 0.04 
 
0.00 0.03 
 
0.00 0.02 
 
0.00 0.02 
 School SES 11-25 percent 
    -0.02 0.10 
 
0.01 0.10 
 
-0.06 0.61 
 
-0.81 3.16 
 
-0.81 3.14 
 School SES 26-50 percent 
    -0.35 0.09 *** -0.31 0.09 ** -0.23 0.32 
 
-0.45 1.34 
 
-0.46 1.34 
 School SES 50 or more percent 
    -0.64 0.09 *** -0.57 0.09 *** -0.28 0.30 
 
-0.16 0.57 
 
-0.16 0.56 
 Class size 
    0.10 0.04 * 0.09 0.04 * 0.05 0.04 
 
0.02 0.03 
 
0.02 0.02 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.16 0.14 
 
-0.06 0.09 
 
-0.02 0.07 
 
0.05 0.14 
 Female teacher 
       0.13 0.09 
 
0.29 0.28 
 
1.06 1.65 
 
1.06 1.64 
 
Block 4 
       
            
Science major 
          -0.01 0.06 
 
0.01 0.04 
 
0.00 0.04 
 Science education major 
          -0.03 0.05 
 
-0.01 0.04 
 
-0.03 0.05 
 Advanced degree 
          0.06 0.07 
 
0.03 0.05 
 
0.03 0.05 
 Probability of science major 
          -3.04 3.37 
 
2.96 17.70 
 
2.95 17.59 
 Probability of science education major 
          7.76 2.36 * 5.45 13.54 
 
5.44 13.52 
 
Block 5 
          
         
Science content PD 
             0.00 0.05 
 
0.01 0.06 
 Science pedagogy PD 
             -0.02 0.04 
 
-0.01 0.05 
 Probability of science content PD 
             1.75 16.70 
 
1.69 16.64 
 Probability of science pedagogy PD 
             4.15 13.42 
 
4.15 13.40 
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Block 6 
             
      
Science education major*New teacher 
                0.06 0.14 
 Science content PD*New teacher 
                -0.09 0.15 
 Science pedagogy PD*New teacher 
                -0.06 0.12 
 Science major*New teacher                                 0.04 0.13   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.57 0.46 0.36 0.35 0.21 0.09 0.09 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.50 0.45 0.45 0.45 0.45 0.45 0.45 
Proportion variance explained               
Proportion level-1 variance explained - 0.10 - - - - - 
Proportion level-2 variance explained - - 0.20 0.22 0.53 0.80 0.80 
Proportion total variance explained - 0.15 0.10 0.11 0.27 0.40 0.40 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Subject-specific conditional models. The second set of results for eighth grade science 
pertains to the models in which all science content majors were included in the model 
simultaneously. Table 37 presents the successive model results for overall eighth grade science. 
The three student-level variables were significant in the final model. Increases in home 
educational resources ( ̂      ) and students liking of science ( ̂      ) were associated with 
increases in achievement, but being female ( ̂       ) was associated with significantly lower 
achievement. For all three variables, the sizes of these relationships were small. No predictors 
related to the research questions were significant in the final model, so proportions of variance 
explained are not interpreted here. 
Table 38 presents the model results for knowing in eighth grade science. All three 
student-level variables were significant. Increases in home educational resources ( ̂      ) and 
students liking of science ( ̂      ) were associated with increases in achievement. Being 
female ( ̂       ) was associated with significantly lower achievement. Again, the magnitudes 
of these relationships were small. 
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Table 37 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Overall Eighth Grade Science (Specific Science Degrees) 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.00 0.04 
 
0.34 0.07 *** 0.24 0.10 * -2.40 0.72 ** -3.74 12.99 
 
-3.64 12.81 
 
Block 1 
 
                  
Home educational resources 
 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 
Female student 
 -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** 
Students like science 
 0.17 0.01 *** 0.17 0.01 *** 0.17 0.01 *** 0.16 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 
Block 2 
 
                  
School size 
    -0.01 0.04 
 
0.00 0.04 
 
-0.01 0.02 
 
-0.01 0.01 
 
-0.01 0.01 
 School SES 11-25 percent 
    -0.02 0.09 
 
0.02 0.09 
 
1.83 1.96 
 
0.73 4.47 
 
0.76 4.42 
 School SES 26-50 percent 
    -0.33 0.09 *** -0.29 0.09 ** 1.23 2.02 
 
0.24 2.09 
 
0.24 2.06 
 School SES 50 or more percent 
    -0.58 0.08 *** -0.52 0.08 *** 1.16 1.40 
 
0.48 2.05 
 
0.48 2.02 
 Class size 
    0.09 0.04 * 0.07 0.04 * 0.00 0.01 
 
0.00 0.01 
 
0.00 0.01 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.12 0.12 
 
0.00 0.03 
 
0.01 0.03 
 
-0.02 0.06 
 Female teacher 
       0.13 0.08 
 
1.04 0.45 * 1.06 0.80 
 
1.05 0.80 
 
Block 4 
       
            
Biology major 
          0.00 0.03 
 
0.00 0.02 
 
-0.01 0.03 
 Physics major 
          0.01 0.05 
 
0.00 0.03 
 
0.00 0.04 
 Chemistry major 
          0.01 0.04 
 
0.02 0.03 
 
0.02 0.03 
 Earth science major 
          -0.04 0.03 
 
-0.02 0.03 
 
-0.02 0.03 
 Science education major 
          0.00 0.03 
 
-0.01 0.02 
 
-0.01 0.02 
 Advanced degree 
          -0.01 0.03 
 
0.00 0.02 
 
0.01 0.02 
 Probability of biology major 
          -6.47 9.91 
 
-1.79 17.75 
 
-1.87 17.56 
 Probability of physics major 
          -3.12 6.74 
 
-1.46 2.07 
 
-1.51 2.07 
 Probability chemistry major 
          -2.59 6.71 
 
-3.47 3.63 
 
-3.50 3.70 
 Probability of earth science major 
          5.23 1.58 * 2.74 2.79 
 
2.72 2.78 
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Probability of science education major 
          7.42 5.28 
 
5.75 10.64 
 
5.77 10.65 
 
Block 5 
          
         
Science content PD 
             -0.01 0.04 
 
-0.01 0.04 
 Science pedagogy PD 
             0.01 0.03 
 
0.02 0.04 
 Probability of science content PD 
             0.06 10.23 
 
0.00 10.20 
 Probability of science pedagogy PD 
             1.70 14.09 
 
1.69 14.00 
 
Block 6 
             
      
Biology major*New teacher 
                0.06 0.05 
 Physics major*New teacher 
                0.00 0.09 
 Chemistry major*New teacher 
                -0.01 0.06 
 Earth science major*New teacher 
                0.01 0.06 
 Science education major*New teacher 
                0.02 0.05 
 Science content PD*New teacher 
                0.01 0.07 
 Science pedagogy PD*New teacher 
                -0.03 0.07 
 Biology major*Biology emphasis 
                0.01 0.04 
 Physics major*Physics emphasis 
                0.05 0.15 
 Chemistry major*Chemistry emphasis 
                0.00 0.05 
 Earth science major*Earth science emphasis 
                0.01 0.07 
 Biology emphasis 
                -0.02 0.02 
 Chemistry emphasis 
                -0.01 0.02 
 Physics emphasis 
                -0.01 0.02 
 Earth science emphasis                                 -0.01 0.03   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.53 0.42 0.34 0.34 0.03 0.01 0.01 
Female student - 0.01 0.01 0.01 0.02 0.02 0.02 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.51 0.45 0.45 0.45 0.45 0.45 0.45 
Proportion variance explained               
Proportion level-1 variance explained - 0.12 - - - - - 
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Proportion level-2 variance explained - - 0.18 0.19 0.92 0.97 0.97 
Proportion total variance explained - 0.17 0.09 0.09 0.44 0.47 0.47 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 38 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Knowing in Eighth Grade Science (Specific Science 
Degrees) 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.04 0.04 
 
0.38 0.07 *** 0.30 0.10 ** -2.25 0.74 * -4.09 12.95 
 
-4.02 12.90 
 
Block 1 
 
                  
Home educational resources 
 0.19 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.17 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 
Female student 
 -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** -0.20 0.03 *** 
Students like science 
 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.15 0.01 *** 0.14 0.01 *** 0.14 0.01 *** 
Block 2 
 
                  
School size 
    0.00 0.04 
 
0.00 0.04 
 
-0.01 0.02 
 
-0.01 0.01 
 
-0.01 0.01 
 School SES 11-25 percent 
    -0.01 0.09 
 
0.02 0.09 
 
1.80 1.92 
 
0.67 4.44 
 
0.70 4.41 
 School SES 26-50 percent 
    -0.31 0.09 *** -0.28 0.09 ** 1.20 2.00 
 
0.23 2.10 
 
0.23 2.07 
 School SES 50 or more percent 
    -0.60 0.09 *** -0.54 0.08 *** 1.10 1.39 
 
0.41 2.05 
 
0.42 2.02 
 Class size 
    0.09 0.04 * 0.08 0.04 * 0.00 0.02 
 
0.00 0.01 
 
0.00 0.01 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.14 0.12 
 
0.01 0.03 
 
0.02 0.03 
 
-0.02 0.07 
 Female teacher 
       0.12 0.08 
 
0.99 0.46 
 
1.03 0.81 
 
1.02 0.81 
 
Block 4 
       
            
Biology major 
          0.00 0.03 
 
0.00 0.03 
 
-0.02 0.03 
 Physics major 
          0.02 0.05 
 
0.00 0.04 
 
0.01 0.05 
 Chemistry major 
          0.02 0.04 
 
0.02 0.03 
 
0.02 0.04 
 Earth science major 
          -0.03 0.03 
 
-0.02 0.04 
 
-0.01 0.04 
 Science education major 
          0.00 0.03 
 
-0.01 0.02 
 
-0.01 0.03 
 Advanced degree 
          0.00 0.04 
 
0.01 0.02 
 
0.01 0.02 
 Probability of biology major 
          -6.39 9.78 
 
-1.62 17.85 
 
-1.72 17.69 
 Probability of physics major 
          -3.04 6.79 
 
-1.55 2.09 
 
-1.60 2.16 
 Probability chemistry major 
          -2.58 6.53 
 
-2.85 3.39 
 
-2.89 3.47 
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Probability of earth science major 
          5.00 1.62 * 2.55 2.66 
 
2.52 2.68 
 Probability of science education major 
          7.30 5.31 
 
5.67 10.46 
 
5.77 10.43 
 
Block 5 
          
         
Science content PD 
             0.01 0.04 
 
0.00 0.04 
 Science pedagogy PD 
             0.01 0.03 
 
0.02 0.03 
 Probability of science content PD 
             0.35 9.97 
 
0.24 9.98 
 Probability of science pedagogy PD 
             1.86 13.48 
 
1.89 13.49 
 
Block 6 
             
      
Biology major*New teacher 
                0.08 0.06 
 Physics major*New teacher 
                -0.02 0.10 
 Chemistry major*New teacher 
                0.01 0.08 
 Earth science major*New teacher 
                0.02 0.07 
 Science education major*New teacher 
                0.02 0.06 
 Science content PD*New teacher 
                0.03 0.07 
 Science pedagogy PD*New teacher 
                -0.05 0.08 
 Biology major*Biology emphasis 
                0.00 0.05 
 Physics major*Physics emphasis 
                0.08 0.16 
 Chemistry major*Chemistry emphasis 
                0.00 0.06 
 Earth science major*Earth science emphasis 
                0.01 0.07 
 Biology emphasis 
                -0.01 0.02 
 Chemistry emphasis 
                0.00 0.02 
 Physics emphasis 
                0.00 0.02 
 Earth science emphasis 
                -0.01 0.03 
 
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.53 0.41 0.33 0.33 0.04 0.02 0.02 
Female student - 0.03 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.52 0.46 0.46 0.46 0.46 0.46 0.46 
Proportion variance explained               
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Proportion level-1 variance explained - 0.13 - - - - - 
Proportion level-2 variance explained - - 0.19 0.20 0.91 0.96 0.96 
Proportion total variance explained - 0.17 0.09 0.10 0.43 0.45 0.45 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 39 contains the model results for applying in eighth grade science. The three 
student-level variables were again significant. Increases in home educational resources ( ̂  
    ) and students liking of science ( ̂      ) were associated with increases in achievement, 
and being female ( ̂       ) was associated with significantly lower achievement. The 
observed relationships were small for all three predictors. 
Table 40 presents the model results for reasoning in eighth grade science. Two student-
level variables were significant. Increases in home educational resources ( ̂      ) and students 
liking of science ( ̂      ) were associated with increases in achievement. The sizes of these 
relationships were small. On the other hand, eighth grade science reasoning was not statistically 
distinguishable by student sex. 
 
 
 
 
 
 
 193 
Table 39 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Applying in Eighth Grade Science (Specific Science 
Degrees) 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 0.00 0.04 
 
0.35 0.07 *** 0.26 0.10 * -2.25 0.75 * -4.04 12.91 
 
-3.96 12.81 
 
Block 1 
 
                  
Home educational resources 
 0.18 0.02 *** 0.17 0.02 *** 0.17 0.02 *** 0.15 0.02 *** 0.15 0.02 *** 0.15 0.02 *** 
Female student 
 -0.12 0.02 *** -0.12 0.02 *** -0.12 0.02 *** -0.13 0.02 *** -0.13 0.02 *** -0.13 0.02 *** 
Students like science 
 0.18 0.01 *** 0.18 0.01 *** 0.18 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 
Block 2 
 
                  
School size 
    0.00 0.04 
 
0.00 0.04 
 
-0.01 0.02 
 
0.00 0.01 
 
-0.01 0.01 
 School SES 11-25 percent 
    0.00 0.09 
 
0.02 0.09 
 
1.75 1.95 
 
0.61 4.44 
 
0.64 4.40 
 School SES 26-50 percent 
    -0.30 0.09 ** -0.27 0.09 ** 1.15 2.02 
 
0.15 2.11 
 
0.15 2.07 
 School SES 50 or more percent 
    -0.61 0.09 *** -0.55 0.08 *** 1.04 1.42 
 
0.34 2.06 
 
0.34 2.03 
 Class size 
    0.09 0.04 * 0.08 0.04 * 0.00 0.01 
 
0.00 0.01 
 
0.00 0.01 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.15 0.13 
 
0.00 0.04 
 
0.01 0.03 
 
-0.01 0.07 
 Female teacher 
       0.13 0.08 
 
0.98 0.48 
 
1.01 0.82 
 
1.00 0.82 
 
Block 4 
       
            
Biology major 
          -0.01 0.03 
 
-0.01 0.03 
 
-0.02 0.03 
 Physics major 
          0.02 0.05 
 
0.01 0.04 
 
0.00 0.04 
 Chemistry major 
          0.03 0.04 
 
0.03 0.03 
 
0.03 0.04 
 Earth science major 
          -0.04 0.03 
 
-0.02 0.04 
 
-0.02 0.04 
 Science education major 
          0.00 0.03 
 
0.00 0.02 
 
-0.01 0.03 
 Advanced degree 
          -0.01 0.04 
 
0.00 0.03 
 
0.01 0.02 
 Probability of biology major 
          -6.08 9.92 
 
-1.26 17.80 
 
-1.36 17.59 
 Probability of physics major 
          -3.11 7.01 
 
-1.59 2.21 
 
-1.65 2.26 
 Probability chemistry major 
          -2.74 6.70 * -3.01 3.82 
 
-3.02 3.90 
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Probability of earth science major 
          4.98 1.54 * 2.51 2.61 
 
2.48 2.62 
 Probability of science education major 
          7.11 5.40 
 
5.35 10.66 
 
5.44 10.61 
 
Block 5 
          
         
Science content PD 
             -0.01 0.04 
 
-0.01 0.04 
 Science pedagogy PD 
             0.00 0.03 
 
0.01 0.04 
 Probability of science content PD 
             0.54 9.60 
 
0.45 9.57 
 Probability of science pedagogy PD 
             1.67 13.32 
 
1.67 13.23 
 
Block 6 
             
      
Biology major*New teacher 
                0.08 0.06 
 Physics major*New teacher 
                0.04 0.10 
 Chemistry major*New teacher 
                -0.02 0.08 
 Earth science major*New teacher 
                0.03 0.07 
 Science education major*New teacher 
                0.03 0.07 
 Science content PD*New teacher 
                0.01 0.07 
 Science pedagogy PD*New teacher 
                -0.05 0.08 
 Biology major*Biology emphasis 
                0.01 0.05 
 Physics major*Physics emphasis 
                0.10 0.19 
 Chemistry major*Chemistry emphasis 
                0.01 0.06 
 Earth science major*Earth science emphasis 
                -0.01 0.08 
 Biology emphasis 
                -0.02 0.02 
 Chemistry emphasis 
                -0.01 0.02 
 Physics emphasis 
                -0.01 0.02 
 Earth science emphasis                                 -0.01 0.03   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.53 0.41 0.33 0.32 0.04 0.01 0.01 
Female student - 0.01 0.01 0.01 0.01 0.02 0.02 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.00 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.53 0.47 0.47 0.47 0.47 0.47 0.47 
Proportion variance explained               
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Proportion level-1 variance explained - 0.12 - - - - - 
Proportion level-2 variance explained - - 0.20 0.22 0.91 0.97 0.97 
Proportion total variance explained - 0.17 0.09 0.10 0.43 0.45 0.45 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Table 40 
 
Summary of Hierarchical Linear Model Estimates (and Standard Errors) for Reasoning in Eighth Grade Science (Specific Science 
Degrees) 
 
Parameter 
  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
  Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept 
 -0.05 0.04 
 
0.32 0.07 *** 0.23 0.11 * -2.39 0.73 ** -3.60 13.18 
 
-3.48 13.18 
 
Block 1 
 
                  
Home educational resources 
 0.17 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.15 0.02 *** 0.14 0.02 *** 0.14 0.02 *** 
Female student 
 -0.05 0.02 
 
-0.05 0.02 
 
-0.05 0.02 
 
-0.05 0.03 
 
-0.05 0.03 
 
-0.05 0.03 
 Students like science 
 0.16 0.01 *** 0.16 0.01 *** 0.16 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 0.15 0.01 *** 
Block 2 
 
                  
School size 
    0.01 0.04 
 
0.01 0.04 
 
-0.01 0.02 
 
0.00 0.01 
 
0.00 0.01 
 School SES 11-25 percent 
    -0.02 0.10 
 
0.01 0.10 
 
1.81 2.06 
 
0.73 4.59 
 
0.77 4.56 
 School SES 26-50 percent 
    -0.35 0.09 *** -0.31 0.09 ** 1.16 2.13 
 
0.16 2.13 
 
0.16 2.10 
 School SES 50 or more percent 
    -0.64 0.09 *** -0.57 0.09 *** 1.08 1.49 
 
0.40 2.11 
 
0.41 2.09 
 Class size 
    0.10 0.04 * 0.09 0.04 * 0.01 0.02 
 
0.01 0.01 
 
0.01 0.01 
 
Block 3 
    
               
New teacher (5 or fewer years) 
       -0.16 0.14 
 
-0.01 0.04 
 
0.01 0.03 
 
-0.02 0.06 
 Female teacher 
       0.13 0.09 
 
1.03 0.48 
 
1.05 0.82 
 
1.04 0.82 
 
Block 4 
       
            
Biology major 
          -0.01 0.03 
 
-0.01 0.03 
 
-0.02 0.03 
 Physics major 
          0.02 0.05 
 
0.01 0.04 
 
0.00 0.04 
 Chemistry major 
          0.02 0.04 
 
0.03 0.03 
 
0.03 0.04 
 Earth science major 
          -0.04 0.04 
 
-0.02 0.03 
 
-0.02 0.04 
 Science education major 
          -0.01 0.03 
 
-0.01 0.02 
 
-0.02 0.03 
 Advanced degree 
          0.00 0.04 
 
0.01 0.03 
 
0.01 0.02 
 Probability of biology major 
          -6.26 10.52 
 
-1.66 18.41 
 
-1.79 18.26 
 Probability of physics major 
          -3.39 7.09 
 
-1.72 2.13 
 
-1.78 2.19 
 Probability chemistry major 
          -2.85 7.04 
 
-3.59 3.85 
 
-3.67 4.01 
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Probability of earth science major 
          5.17 1.57 * 2.58 2.88 
 
2.53 2.91 
 Probability of science education major 
          7.39 5.80 
 
5.69 11.30 
 
5.83 11.25 
 
Block 5 
          
         
Science content PD 
             -0.01 0.04 
 
-0.01 0.04 
 Science pedagogy PD 
             0.01 0.03 
 
0.01 0.04 
 Probability of science content PD 
             0.13 10.19 
 
-0.01 10.20 
 Probability of science pedagogy PD 
             1.52 13.98 
 
1.53 14.01 
 
Block 6 
             
      
Biology major*New teacher 
                0.08 0.06 
 Physics major*New teacher 
                0.02 0.10 
 Chemistry major*New teacher 
                -0.01 0.08 
 Earth science major*New teacher 
                -0.01 0.08 
 Science education major*New teacher 
                0.04 0.06 
 Science content PD*New teacher 
                0.00 0.07 
 Science pedagogy PD*New teacher 
                -0.04 0.09 
 Biology major*Biology emphasis 
                0.02 0.05 
 Physics major*Physics emphasis 
                0.08 0.18 
 Chemistry major*Chemistry emphasis 
                0.01 0.06 
 Earth science major*Earth science emphasis 
                -0.03 0.08 
 Biology emphasis 
                -0.02 0.02 
 Chemistry emphasis 
                -0.01 0.02 
 Physics emphasis 
                -0.01 0.02 
 Earth science emphasis                                 -0.01 0.03   
Variance components UC Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Level-2 variance 0.57 0.46 0.36 0.35 0.04 0.02 0.02 
Female student - 0.01 0.01 0.01 0.01 0.01 0.01 
Home educational resources - 0.00 0.00 0.00 0.00 0.00 0.01 
Students like science - 0.00 0.00 0.00 0.00 0.00 0.00 
Level-1 variance 0.50 0.45 0.45 0.45 0.45 0.45 0.45 
Proportion variance explained               
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Proportion level-1 variance explained - 0.10 - - - - - 
Proportion level-2 variance explained - - 0.20 0.22 0.91 0.96 0.97 
Proportion total variance explained - 0.15 0.10 0.11 0.46 0.48 0.49 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by Models 2-6 were computed based on 
Model 1. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. UC = 
unconditional model. *p<.05. **p<.01. ***p<.001. 
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Supplemental conditional models for eighth grade science. As with grade eighth 
mathematics, a supplemental analysis in which teaching experience was treated as a series of 
dummy variables for the early years of teaching was also conducted for grade eight science. The 
reader will note that this analysis was conducted with a science degree in general. It was not 
possible to examine the interactions between the various years of teaching experience and 
specific science degrees due to data limitations (i.e., there were not teachers with particular 
degrees and some number of years of teaching experience).  
 It bears noting that for the fifth multiply imputed dataset, for all outcomes, the HLM 
software encountered an error that implied collinearity issues. Such collinearity issues were not 
unexpected given the number of interactions and main effects in this supplemental analysis. It 
was evident that the data do not support such a nuanced analysis. For exploratory purposes, the 
author opted to pool results across the first four multiply imputed datasets (in which obvious 
collinearity concerns were not apparent) for reporting and to explore possible substantive 
conclusions. Table 41 presents the final, pooled model results for this supplementary analysis for 
grade eight science. As is evident in the table, there were no statistically significant main effects 
of knowledge or interactions, which offered no new insights on the research questions. 
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Table 41 
 
Summary of Supplemental Hierarchical Linear Model Estimates (and Standard Errors) for Eighth Grade Science (Any Science Degree 
and Including All Regressor Variables)  
 
Parameter 
Overall Knowing Applying Reasoning 
Estimate SE   Estimate SE   Estimate SE   Estimate SE   
Intercept -7.19 15.17 
 
-7.20 15.15 
 
-7.04 15.04 
 
-7.75 15.86 
 Home educational resources 0.17 0.01 *** 0.17 0.01 *** 0.16 0.02 *** 0.16 0.01 *** 
Female student -0.13 0.02 *** -0.20 0.03 *** -0.13 0.02 *** -0.05 0.03 
 Students like science 0.17 0.01 *** 0.15 0.01 *** 0.17 0.01 *** 0.16 0.01 *** 
School size -0.02 0.03 
 
-0.02 0.03 
 
-0.01 0.03 
 
-0.01 0.03 
 School SES 11-25 percent -0.24 2.69 
 
-0.24 2.68 
 
-0.22 2.67 
 
-0.30 2.81 
 School SES 26-50 percent -0.14 1.02 
 
-0.09 0.99 
 
-0.08 0.98 
 
-0.14 1.05 
 School SES 50 or more percent 0.06 0.15 
 
0.06 0.14 
 
0.05 0.14 
 
0.05 0.15 
 Class size 0.01 0.02 
 
0.01 0.02 
 
0.02 0.02 
 
0.02 0.02 
 First year 0.22 0.25 
 
0.21 0.23 
 
0.25 0.22 
 
0.22 0.23 
 Second year -0.21 0.32 
 
-0.22 0.32 
 
-0.22 0.35 
 
-0.24 0.37 
 Third year 0.19 0.56 
 
0.17 0.50 
 
0.11 0.54 
 
0.20 0.56 
 Fourth year -0.15 0.16 
 
-0.05 0.17 
 
-0.09 0.18 
 
-0.10 0.17 
 Fifth year 0.25 0.21 
 
0.19 0.20 
 
0.24 0.20 
 
0.21 0.22 
 Female teacher 0.97 1.54 
 
0.95 1.53 
 
0.94 1.52 
 
1.01 1.62 
 Science major -0.01 0.04 
 
0.00 0.04 
 
0.00 0.04 
 
-0.01 0.04 
 Science education major -0.03 0.05 
 
-0.03 0.05 
 
-0.02 0.05 
 
-0.03 0.05 
 Advanced degree 0.02 0.04 
 
0.03 0.04 
 
0.03 0.04 
 
0.03 0.04 
 Probability of science major 2.90 16.63 
 
2.97 16.49 
 
2.91 16.44 
 
3.32 17.27 
 Probability of science education major 3.38 11.94 
 
3.15 11.59 
 
3.06 11.65 
 
3.25 12.19 
 Science content PD 0.03 0.06 
 
0.03 0.06 
 
0.02 0.06 
 
0.02 0.06 
 Science pedagogy PD 0.00 0.05 
 
0.01 0.05 
 
-0.01 0.05 
 
0.00 0.05 
 Probability of science content PD 4.40 13.79 
 
4.69 13.36 
 
4.70 13.34 
 
4.94 14.13 
 Probability of science pedagogy PD -0.21 6.26 
 
-0.39 5.89 
 
-0.54 5.84 
 
-0.38 6.35 
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Science education major*First year 0.05 0.41 
 
0.06 0.40 
 
0.07 0.37 
 
0.12 0.41 
 Science content PD*First year -0.16 0.22 
 
-0.14 0.21 
 
-0.16 0.22 
 
-0.21 0.24 
 Science pedagogy*First year 0.01 0.31 
 
0.02 0.32 
 
-0.01 0.30 
 
0.05 0.33 
 Science major*First year -0.24 0.20 
 
-0.26 0.23 
 
-0.27 0.24 
 
-0.26 0.24 
 Science education major*Second year -0.02 0.23 
 
-0.04 0.23 
 
-0.03 0.26 
 
-0.01 0.26 
 Science content PD*Second year -0.09 0.25 
 
-0.02 0.28 
 
-0.06 0.30 
 
-0.01 0.31 
 Science pedagogy*Second year 0.11 0.28 
 
0.04 0.30 
 
0.05 0.31 
 
0.01 0.35 
 Science major*Second year 0.27 0.28 
 
0.28 0.31 
 
0.29 0.33 
 
0.28 0.35 
 Science education major*Third year -0.06 0.21 
 
-0.03 0.22 
 
-0.03 0.22 
 
-0.05 0.23 
 Science content PD*Third year -0.01 0.26 
 
0.01 0.31 
 
0.01 0.31 
 
-0.07 0.33 
 Science pedagogy*Third year -0.23 0.37 
 
-0.23 0.37 
 
-0.26 0.40 
 
-0.25 0.41 
 Science major*Third year 0.02 0.33 
 
0.04 0.33 
 
0.16 0.37 
 
0.10 0.37 
 Science education major*Fourth year -0.11 0.18 
 
-0.08 0.18 
 
-0.10 0.19 
 
-0.08 0.19 
 Science content PD*Fourth year -0.06 0.31 
 
-0.07 0.30 
 
-0.07 0.31 
 
-0.09 0.29 
 Science pedagogy*Fourth year 0.02 0.25 
 
-0.07 0.23 
 
-0.05 0.24 
 
-0.03 0.24 
 Science major*Fourth year 0.26 0.19 
 
0.23 0.21 
 
0.27 0.21 
 
0.28 0.23 
 Science education major*Fifth year 0.14 0.16 
 
0.16 0.16 
 
0.14 0.16 
 
0.17 0.17 
 Science content PD*Fifth year -0.16 0.20 
 
-0.10 0.20 
 
-0.15 0.20 
 
-0.15 0.21 
 Science pedagogy*Fifth year -0.07 0.13 
 
-0.05 0.13 
 
-0.06 0.13 
 
-0.04 0.13 
 Science major*Fifth year -0.19 0.19   -0.16 0.19   -0.17 0.18   -0.18 0.19   
Note. SE = standard error for regression coefficient. PD = professional development. SES = socioeconomic status. *p<.05. **p<.01. 
***p<.001. 
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Summary of Overall Explanatory Power of Contextual Variables 
 
 The aforementioned results convey how individual variables were related to achievement 
for a particular grade/subject/outcome, given all of the other variables in the models, and how 
much residual variance in the random intercept, and total residual variance (from Model 1), was 
explained by each of Models 2-6. Table 42 summarizes the proportion of variance explained by 
the contextual variables in the final models (Model 6 for each grade/subject/outcome) once the 
student-level variables had been entered into the models (in Model 1). Inspection of the first 
column of figures shows that the models in fourth grade mathematics did not explain as much 
contextual-level variance as in the other grades/subjects. Also, for eighth grade science, the 
models in which specific majors were included rather than a single variable representing a 
science degree explained more variance. Finally, the eighth grade science (specific science 
majors) and eighth grade mathematics models explained the most variance.  
The only contextual factors that were significant in the results presented in the previous 
section were teacher sex (eighth grade mathematics) and two propensity scores. In Chapter Five, 
the author offers possible explanations for the finding that the sex of the teacher was related to 
student achievement in eighth grade mathematics: this finding is not real but instead is an artifact 
due to collinearity issues in a statistical model with many contextual variables. Regarding the 
propensity scores, in all cases the propensity scores were positively related to achievement, 
which was the expected direction. Given the dearth of statistically significant relations, the large 
amounts of explained variance in Table 42 are not particularly meaningful as they in large part 
reflect variance explained by variables that were not statistically significant. At the same time, 
some variation at both the individual- and contextual-levels remain unexplained. 
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Table 42 
 
Summary of Proportions of Variance Explained by Contextual Data 
 
Outcome Level-2 residual variance 
explained by contextual 
variables 
Total residual variance 
explained by contextual 
variables 
Fourth grade mathematics - - 
     Overall 0.62 0.20 
     Knowing 0.61 0.21 
     Applying 0.62 0.19 
     Reasoning 0.63 0.19 
Fourth grade science - - 
     Overall 0.90 0.29 
     Knowing 0.89 0.29 
     Applying 0.89 0.29 
     Reasoning 0.88 0.29 
Eighth grade mathematics - - 
     Overall 0.95 0.58 
     Knowing 0.94 0.57 
     Applying 0.94 0.58 
     Reasoning 0.95 0.52 
Eighth grade science (any 
science degree) 
- - 
     Overall 0.80 0.38 
     Knowing 0.80 0.38 
     Applying 0.80 0.38 
     Reasoning 0.80 0.40 
Eighth grade science (specific 
science degrees) 
- - 
     Overall 0.97 0.47 
     Knowing 0.96 0.45 
     Applying 0.97 0.45 
     Reasoning 0.97 0.49 
Note. As discussed in Chapter Three, the proportions of level-2 and total variance explained by 
the contextual variables entered in Models 2-6 were computed based on Model 1, which 
contained student-level fixed and random effects.  
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Chapter Five 
There is considerable evidence that new teachers, in general, are ill prepared for 
classroom practice. Such evidence generally takes two forms: self-reported data collected 
directly from teachers about their preparedness (e.g., Levine, 2006); and well documented 
differences in the effectiveness of new teachers as compared to their more experienced 
counterparts (Clotfelter, Ladd, & Vigdor, 2006; Darling-Hammond, Holtzman, Gatlin, & Heilig, 
2005). The new teacher preparedness problem exists amidst broader problems, such as 
uncertainty around how best to prepare teachers (Boyd, Grossman, Lankford, Loeb, & Wyckoff, 
2009; Gansle, Noell, & Burns, 2012; Levine, 2006; National Research Council, 2010), and 
decidedly inadequate achievement in important disciplines such as science and mathematics 
(Klein & Rice, 2012). 
In recognition of the challenges encountered by new teachers (e.g., Levine, 2006), and 
contemporary understandings of the mechanism by which teacher education affects student 
achievement (e.g., Desimone, 2009), the specific issue targeted by this study was the type of 
knowledge used by new teachers as a basis for classroom practice. Despite new teachers being 
the most well researched subset of teachers (Moore-Johnson, Berg, & Donaldson, 2005), 
literature on this topic is mixed and contradictory. Boyd et al. (2009) followed teachers in New 
York City and linked practice-focused teacher preparation to student mathematics achievement 
in the first year of teaching and teacher content preparation to achievement in the second. Other 
studies, however, demonstrated interactions between content knowledge and teaching experience 
with differing interpretations and implications (Kukla-Acevedo, 2009; Monk, 1994; Rowan, 
Chiang, & Miller, 1997). Consequently, this study investigated four questions about teacher 
knowledge. 
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1) To what extent are student mathematics and science achievement higher among students 
with teachers who possess more content knowledge? 
2) To what extent are student mathematics and science achievement higher among students 
with teachers who possess more pedagogical content knowledge? 
3) To what extent does the relationship between teacher content knowledge and student 
mathematics and science achievement vary as a function of teaching experience? 
4) To what extent does the relationship between teacher pedagogical content knowledge and 
student mathematics and science achievement vary as a function of teaching experience? 
Extant models of teacher career development (Huberman, 1989; National Research 
Council, 2010) and how teacher education affects student achievement (e.g., Desimone, 2009) 
offered theoretical grounding for the study. With nationally representative samples of fourth and 
eighth grade U.S. students—participants in TIMSS 2011—this (retrospective) ex post facto study 
employed hierarchical linear modeling to address its research questions among an array of 
student achievement outcomes in the domains of mathematics and science. This study attempted 
to account for salient student, teacher, and contextual factors, and the probabilities of teachers’ 
receipt of various teacher education “treatments” (i.e., propensity score analysis) to reduce the 
plausibility of selection threats to internal validity.  
First, this study offers no evidence for relationships (main effects) between content and 
pedagogical content knowledge and student achievement in fourth and eighth grade mathematics 
and science. Second, the study reported here did not demonstrate a relationship between teaching 
experience and student achievement. Third, the analyses showed no evidence of interactions 
between knowledge and teaching experience in these grades/subjects. Of course, the fact that 
teaching experience and these two forms of knowledge were not significantly predictive of 
 206 
achievement (either overall or for specific populations of teachers such as eighth grade 
mathematics teacher) should be interpreted in light of the limitations of this study discussed later. 
These findings should also be interpreted in light of the student and teacher populations 
examined in this study, namely fourth and eighth grade mathematics and science students and 
teachers. With respect to the null relations between content knowledge and student achievement, 
it bears noting that the preponderance of evidence for such effects is at the upper secondary (i.e., 
high school) level (Wayne & Youngs, 2003). On the other hand, the student and teacher 
populations examined in the present study overlap those studied by Boyd et al. (2009), yet this 
study failed to replicate their findings about content knowledge and second year teachers . Given 
differences in the prior research findings about this topic by grade (and by subject), future 
research should flesh out the nature of these relationships and develop theory around the reasons 
for any observed differences by grade/subject.   
Moreover, the reader should note that this study’s sample comprised teachers who have 
successfully completed the teacher licensure process, attained a teaching position, and stayed in a 
teaching profession up until at least the point during which these data were collected (rather than 
a sample of all individuals who might possibly serve as a classroom teacher). Therefore, this 
study’s questions of whether teacher content and pedagogical knowledge “matter” are limited in 
applicability to currently practicing teachers (and further, teachers who have chosen to remain in 
teaching up until at least the point during which these data were collected). Nevertheless, this 
study did not offer evidence that can help reconcile the mixed findings about interactions 
between teacher knowledge and teaching experience that were observed by Boyd et al. (2009), 
Kukla-Acevedo (2009), Rowan, Chiang, and Miller (1997), and Monk (1994). At the same time, 
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these findings cannot be used to offer theoretical support for, or update, extant models of teacher 
career development (e.g., Fuller, 1969; Huberman, 1989; National Research Council, 2010). 
 In contrast, the results consistently indicated that individual-level factors were related to 
student achievement. Students’ home educational resources and liking of the subject were both 
positively related to achievement in all models. The magnitudes of these relationships were small, 
however the relationship between socioeconomic status and student achievement was larger in 
eighth grade science as compared to the other grades/subjects. This could have occurred in part 
because the eighth grade science measure of socioeconomic status was a bonafide scale, replete 
with more variation, rather than a 3-point ordinal scale variable as in fourth grade, which might 
have attenuated relationships in fourth grade. Then again, the eighth grade mathematics 
socioeconomic status measure was the same as that in eighth grade science and coefficients for 
socioeconomic status were similar across grades in mathematics. Alternatively, the differences in 
the magnitudes of the coefficients could imply that socioeconomic factors are more important in 
eighth grade science. The relationship between student liking of the subject and achievement in 
fourth grade mathematics was also slightly lower than that seen in the other grades/subjects, but 
this difference was less pronounced than the difference in the coefficient seen for socioeconomic 
status and grade eight science. There were no consistent or meaningful patterns in terms of these 
relationships by the specific outcome considered (overall achievement, knowing, applying, or 
reasoning). 
It is perhaps not surprising that individual-level variables were so consistently related to 
student achievement. The relationships between achievement and both socioeconomic status and 
student affect are among the most well documented in education research, and are reflected in 
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both general and mathematics- and science-specific theoretical models of student achievement 
(Singh, Granville, & Dika, 2002; Sirin, 2005; Uguroglu & Walberg, 1979). 
In this study’s statistical models, achievement was also generally lower for females, 
except with respect to some outcomes: reasoning in science (both grades); reasoning in fourth 
grade mathematics, and knowing in eighth grade mathematics. For those models in which 
student sex was statistically significant, the magnitudes of these relationships were also small. 
There were no discernible patterns in the magnitudes of the statistically significant sex 
differences by grade, subject, or cognitive outcome. Three of the four coefficients that were not 
statistically significant were still negative in the sample, whereas one (fourth grade science 
reasoning) was small but positive, that is indicating that females have higher achievement. The 
magnitudes of these non-significant coefficients did not appear to differ systematically across the 
outcomes considered. In the event that these statistically null differences truly represent no 
differences in the population rather than Type II errors, this would be potentially meaningful for 
STEM education in the U.S. where gender differences are typically observed. It is also notable 
that three out of the four non-significant findings pertained to a reasoning (highest level) 
cognitive outcome which might suggest that male and female students are achieving at similar 
levels when it comes to the higher levels of cognitive processing. This might suggest that the 
education system is providing a more equitable education for males and females in the STEM 
fields at the highest cognitive levels, which would be promising given concerns about gender 
gaps in STEM attainment (which arguably require the highest levels of thinking). Then again, the 
lower levels of achievement (i.e., knowing and applying) were mostly statistically different 
between males and females, and it is unclear how an education could equalize gender 
performance at the high levels without simultaneously equal performance at lower cognitive 
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levels, and if so, whether that would truly be advantageous for STEM growth in the U.S. It is 
also possible that the statistically null differences at the reasoning level reflect unsustained 
growth on the part of males wherein females catch up. On the other hand, quantitative syntheses 
of research suggest that sex differences in these subjects, while typically small in the U.S., are 
more pronounced at the higher cognitive levels (e.g., Lindberg, Hyde, & Petersen, 2010). 
Therefore, these findings are difficult to interpret and I refrain from drawing implications on 
their basis. 
 At the contextual level, this study does not present much evidence for the predictors of 
achievement. In eighth grade mathematics only, having a female teacher was associated with 
lower achievement, given the other variables in the model. For all four eighth grade mathematics 
outcomes, the magnitude of this relationship was large in the final model. However, inspection 
of the magnitude and significance of this particular coefficient across the successive models in 
which the female teacher dummy variable was included revealed instability and changes in its 
magnitude (and statistical significance). The relationship between achievement and having a 
female teacher was statistically non-existent when it was first entered into the model 
(coefficients for teacher sex ranged from .06 to .07 at initial entry), and the coefficients changed 
dramatically as additional variables were added to the model. This volatility in the coefficients 
across model specifications provides evidence that the observed student achievement-teacher sex 
relationship in an artifact of collinearity issues in a statistical model with many other contextual 
variables. Given these possible collinearity issues and a lack of theory/prior research around why 
teacher sex might matter in some grades/subjects rather than others, I refrain from drawing a 
substantive conclusion. Moreover, the author strongly implores the reader to interpret this 
finding as a statistical artifact. 
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Limitations 
While this study does not suggest differential relationships between teacher knowledge 
and student achievement as a function of teaching experience, at the same time it also fails to 
replicate any relationships between teacher knowledge and student achievement—including 
some that are well documented such as the role of teacher content knowledge in mathematics 
(e.g., Monk, 1994). The study’s findings, then, warrant caveats in terms of its design and data. 
Most important is its cross-sectional, observational research design, which precludes causal 
inferences (at least by contemporary standards for “scientifically-based” research). Student 
achievement status reflects the influence of both in- and out-of school factors, including multiple 
teachers, before and until the assessment—not just the effect of the current teacher (Rowan, 
Correnti, & Miller, 2002). Moreover, TIMSS teachers have a limited time with the tested 
students and student achievement status needs to be interpreted in the context of the students’ 
total schooling. Relatedly, a study of this nature would be improved with the incorporation of a 
prior achievement measure or a longitudinal series of such measures for the respective subject 
areas (i.e., growth modeling). 
In general, internal validity concerns in teacher effect analyses also derive from the 
nonrandom assignment of students and teachers to schools. So-called teacher effects might 
plausibly reflect unmeasured characteristics of the schools in which teachers find themselves. 
Similarly, teacher selection into particular “treatments” is nonrandom, so factors that 
systematically differ among majors and non-majors might also introduce internal validity threats. 
To reduce the plausibility of such selection bias, this study attempted to account for extraneous 
variables at the student, teacher, classroom and schools that might bear on both the independent 
and/or dependent variables. This study also employed propensity score analysis, based on a 
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limited set of data, to reduce threats to internal validity. Nevertheless, there still exist possible 
selection biases introduced by factors that were unmeasured or poorly measured for this study. 
 The study also had limitations related to its data, which were collected in the U.S. during 
TIMSS 2011, a large-scale international comparative survey assessment. Before proceeding, it is 
necessary that the reader bear in mind the purpose of an assessment such as TIMSS. Ostensibly, 
the primary purpose of international comparative surveys is to estimate parameters representing 
the achievement distribution of populations of students cross-nationally in particular subjects. 
These assessments also attempt to describe myriad other factors at various levels of education 
systems (e.g., student, classroom, teacher, or school). These assessments are also used to rank 
order nations in terms of summary measures of their student achievement distribution (e.g., the 
mean) at a fixed point in time, and monitor achievement and other trends over time. Given that 
the data are made available to secondary analysts, these data are also intended for research 
purposes wherein the nature of relationships among measured variables can be examined.    
When faced with meeting these multiple aims in a single study, trade-offs clearly need to 
be made in terms of what data can be collected, which can introduce challenges for secondary 
analysts. For example, the matrix sampling of large numbers of items to students, intended to 
reduce the student testing burden, introduces analytic complexities for researchers because 
plausible values characterize the achievement variable (Rutkowski, Gonzalez, Joncas, & von 
Davier, 2010). In addition, decisions need to be made around which data will be collected. As 
such TIMSS 2011, the data source for the present study, precludes the availability of some data 
(e.g., direct measures of practice-focused teacher preparation, and prior student achievement). 
For example, there was little teacher-level data available for the propensity score analysis (i.e., 
variables associated with choice of major and receipt of professional development). No doubt, in 
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most cases the logistic regression models were non-stellar in explaining the probability of the 
“treatments.”   
 Decisions must also be made that affect the quality of measurement for particular 
constructs. With primary attention on quality measurement of the achievement construct(s), 
sometimes other variables are measured using only a single item, which is potentially 
problematic from both reliability and validity perspectives. Thus, the construct validity of the 
instrumentation used in this study was also imperfect, with plausible threats due to construct 
underrepresentation and construct-irrelevant variance. For instance, the measures of student 
socioeconomic background did not reflect parental income and differed slightly between fourth 
and eighth grade (with the fourth grade measure being narrower in content scope). Similarly, a 
dichotomous indicator of whether a teacher participated in science pedagogy professional 
development is unlikely to capture the totality of pedagogical content knowledge in the domain 
of science. On a related vein, for this study content knowledge was indexed by a degree in 
mathematics or science and mathematics- or science-focused professional development, and 
pedagogical content knowledge was indexed by a degree in mathematics education or science 
education and professional development focused on mathematics or science 
instruction/pedagogy. Direct measures of content knowledge and pedagogical content knowledge 
are preferable to proxies such as these (Cochran-Smith et al., 2012; Rowan, Correnti, & Miller 
2002). Moreover, nothing is known about the content and rigor of the coursework indicated by 
the degree variables. It is also possible that a degree in mathematics education might comprise 
content coursework. Coursework not counted toward a degree was unmeasured for this study. As 
noted by Rowan, Correnti, and Miller (2002), large-scale research needs more direct measures of 
 213 
teacher knowledge. The measures may also lack sufficient sensitivity to detect effects, if they 
exist (Wilson et al., 2001).  
There was a small amount of variation in some of the “treatment” variables (e.g., 
mathematics major in fourth grade, physics major in eighth grade). As discussed earlier small 
proportions of fourth grade teachers have major/minor degrees in mathematics or science, which 
might not have offered sufficient variation to capture any relationships between having such a 
degree and student achievement (as well as whether that relationship, if any, varies as a function 
of teaching experience). It is possible that this might have attenuated relationships. On the other 
hand, the indicators of professional development had considerably more variation across all 
grades and subjects. 
Due to the distributions of the teaching experience variable in particular, it was necessary 
to treat teaching experience as a dummy variable representing five or fewer years of experience. 
It was therefore not possible to replicate Boyd et al.’s (2009) study as closely as would be 
preferable. Of course, findings could differ because of how this study treated teaching experience. 
It is possible that the interaction (if any) between teaching experience and content knowledge is 
limited to the first year or two of teaching experience. However, eighth grade supplemental 
analyses in which separate dummy variables were used to represent different numbers of years of 
teaching still did not show evidence of such interactions between knowledge and teaching 
experience. A more nuanced analysis was not possible for fourth grade using these data. 
This study also warrants caveats around generalizability. In terms of external validity, a 
notable strength of this study was the large sample size and random sampling design of TIMSS, 
which should support external/ecological validity. However, the U.S. teachers in the TIMSS 
database are not representative of the population of U.S. teachers because of TIMSS’ sampling 
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design, which constrains inferences and might introduce bias. Caveats based on this study’s 
selection criteria also warrant restrictions on the generalizations made from this study such that 
inferences should not be made to students with more than one teacher for mathematics/science. 
This study addresses necessarily teachers who remain in teaching, and teachers who gained 
licensure and attained a teaching position (rather than all persons who might possibly be a 
teacher). These limitations notwithstanding, it is worth pointing out that one strength of this 
study is that it employed objective student achievement measures.  
Future Directions 
 While these findings do not offer much in the way of implications for teacher education 
practice or policy, the generally null results of this study do call for additional research on how 
(in-school and out-of-school) contextual factors are related to student achievement in science and 
mathematics. In particular, teacher education practitioners, as well as extant theoretical models 
of teacher career development (e.g., Fuller, 1969; Huberman, 1989; National Research Council, 
2010) would benefit from additional research to help understand the mixed findings of Boyd et al. 
(2009), Kukla-Acevedo (2009), Rowan, Chiang, and Miller (1997), and Monk (1994). It is 
particularly important to examine these questions in the context of teachers within the first few 
years of teaching, where teaching experience effects have been reliably documented (Rivkin, 
Hanushek, & Kain, 2005). New teacher unpreparedness is a perennial theme in educational 
research and will no doubt continue to be in the absence of research-based solutions (Levine, 
2006; National Council for Accreditation of Teacher Education, 2010; Veenman, 1984). More 
generally, there remains considerable debate around the value of various forms of teacher 
knowledge called for by teaching, something on which research can shed knowledge (Cochran-
Smith et al., 2012; Wilson et al., 2001). 
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 This study’s research questions should be addressed using a study with a stronger design 
and instrumentation. In theory, it would be possibly to conduct a large-scale experimental study 
in which teachers are randomly assigned to treatment or control conditions. Conducted as it 
pertains to a particular grade level/subject, during the summer teachers could be randomly 
assigned to treatments aimed at fostering their development of relevant content knowledge, 
pedagogical knowledge, or a control condition. As a manipulation check, teachers could be 
administered objective tests of grade/subject relevant content knowledge and pedagogical 
content knowledge as pretests and posttests. The study would necessitate a sample of teachers 
who exhibit sufficient variation in their teaching experience, and sampled teachers could be 
matched on teaching experience and then randomly assigned to ensure similar representation of 
teaching experience in the different conditions. During the academic year subsequent to that 
summer, both students and teachers could then be randomly assigned to classes. The dependent 
variable would be these teachers’ students’ end-of-year value-added scores computed from a 
statistical model including both a pretest and other student background characteristics. To test the 
research questions, analyses would involve modeling student value-added scores as a function of 
two dummy variables representing the content knowledge and pedagogical content knowledge 
treatments (with the control condition as the reference group). The statistical model would also 
include interaction terms representing the multiplicative effects of the treatments and teaching 
experience. Subsequent studies could also employ an ex post facto design as did this study but 
with some adjustments. One option would be to conduct a similar study that, crucially, relies on 
objective measures of relevant teacher knowledge rather than proxies for different forms of 
teacher knowledge, and same-subject student achievement pretests.        
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The aforementioned follow-up studies may offer implications for the U.S. preK-12 
education institution, namely teacher education. Most obviously, such studies might shed 
additional light on the questions of whether content knowledge and pedagogical content 
knowledge relate to student achievement, and moreover whether these relationships depend on 
teaching experience (and how). In particular, the field could benefit from research that fleshes 
out the nature of these relationships in different grades/subjects, as well as theory that accounts 
for any differences. Regarding teacher education policy specifically, current policies at various 
levels of the education system, as well as reward structures, are predicated on the notion that 
particular educational pathways and attainments matter (e.g., coursework requirements to 
promote teacher subject matter expertise). The findings of these studies may also provide 
empirical evidence to inform these and other federal, state, and district human capital (e.g., 
teacher quality, teacher education, and teacher credentialing) policies. 
Such studies might also offer theoretical contributions to extant models of the teaching 
career (e.g., Huberman, 1989), specifically around the type of knowledge that might be useful for 
particular times during the career. If it is in fact the case, for example, that content knowledge 
does not differentiate new teachers in terms of their students’ achievement, this would suggest 
the need for alternative education targets for new teachers (i.e., practice-related knowledge and 
skills) or a balance of such skills with content knowledge during pre-service preparation. Future 
research might also inform the design of training that is targeted specifically for new teachers 
(e.g., professional development, induction, or mentoring). 
At the most broad level, research-based knowledge generated in this area may help 
advance strategies for tackling the suboptimal achievement in mathematics and science 
evidenced by both international comparative and national studies (e.g., Martin et al., 2012; 
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Mullis et al., 2012; Organization for Economic Co-operation & Development, 2010). It is also 
worth pointing out that both content knowledge and pedagogical content knowledge are 
(theoretically) manipulable such that education stakeholders, specifically policy- and other 
decision-makers, can exert (some) control over them through coursework, induction, and 
professional development requirements (Goldhaber & Brewer, 1996). Future research, when 
taken together with other literature, of course, should then be instructive for policy makers 
throughout the multi-layered education system, administrators, and teacher educators who have a 
vested interest in improving the mathematics and science achievement of U.S. students. 
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Appendix A 
 
TIMSS 2011 Fourth Grade Mathematics Variables 
 
Level Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Outcome  
1 
Number of 
home study 
supportsa, 
sexb, 
Students Like 
Learning 
Mathematics 
(SLM) scalec 
- - - - - 
Overall 
mathematics 
achievementm; 
knowingn, 
applyingo, 
reasoningp 
subscales; 
2 - 
School sized, 
school 
socioeconomic 
compositione, 
class sizef 
Teaching 
experienceg, 
sexh 
Mathematics 
degreesi, 
Advanced 
degreej, and 
propensity 
scores 
Content-focused 
professional 
developmentk, 
Pedagogy-
focused 
professional 
developmentl, 
and propensity 
scores  
Degrees by 
teaching 
experience, 
Professional 
development by 
teaching 
experience 
aASDG05S (Number of Home Study Supports) bITSEX (sex of student) cASBGSLM (Students Like Learning Mathematics) 
dACBG01 (school size) eACBG03A (percent economically disadvantaged backgrounds) fATBG12A (mathematics class size) 
gATBG01 (teaching experience) hATBG02 (sex of teacher) iATBG05AC (mathematics major) ATBG05BA (mathematics minor) 
jATBG04 (advanced degree) kATBM11A (mathematics content professional development) lATBM11B (mathematics pedagogical 
professional development) mASMMAT01-05 (overall mathematics) nASMKNO01-05 (knowledge mathematics) oASMAPP01-05 
(application mathematics) pASMREA01-05 (reasoning mathematics)  
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Appendix B 
 
TIMSS 2011 Fourth Grade Science Variables 
 
Level Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Outcome  
1 
Number of 
home study 
supportsa, 
sexb, Students 
Like Learning 
Science (SLS) 
scalec 
- - - - - 
Overall science 
achievementm; 
knowingn, 
applyingo, 
reasoningp 
subscales 
2 - 
School sized, 
school 
socioeconomic 
compositione, 
class sizef 
Teaching 
experienceg, 
sexh 
Science 
degreesi, 
Advanced 
degreej, and 
propensity 
scores 
Content-focused 
professional 
developmentk, 
Pedagogy-
focused 
professional 
developmentl, 
and propensity 
scores 
Degrees by 
teaching 
experience, 
Professional 
development by 
teaching 
experience 
aASDG05S (Number of Home Study Supports) bITSEX (sex of student) cASBGSLS (Students Like Learning Science) dACBG01 
(school size) eACBG03A (percent economically disadvantaged backgrounds) fATBG12A (science class size) gATBG01 (teaching 
experience) hATBG02 (sex of teacher) iATBG05AD (science major) ATBG05BB (science minor) jATBG04 (advanced degree) 
kATBS10A (science content professional development) lATBS10B (science pedagogical professional development) mASSSCI01-05 
(science overall) nASSKNO01-05 (knowledge science) oASSAPP01-05 (application science) pASSREA01-05 (reasoning science)  
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Appendix C 
 
TIMSS 2011 Eighth Grade Mathematics Variables 
 
Level Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Outcome  
1 
Home 
Educational 
Resources 
(HRL) scalea, 
sexb, Students 
Like Learning 
Mathematics 
(SLM) scalec 
- - - - - 
Overall 
mathematics 
achievementn, 
knowingo, 
applyingp, 
reasoningq 
subscales 
2 - 
School sized, 
school 
socioeconomic 
compositione, 
class sizef 
Teaching 
experienceg, 
sexh 
Mathematicsi, 
Mathematics 
educationj 
degrees, 
Advanced 
degreek, and 
propensity 
scores 
Content-focused 
professional 
developmentl, 
Pedagogy-focused 
professional 
developmentm, 
and propensity 
scores 
Degrees by 
teaching 
experience, 
Professional 
development 
by teaching 
experience  
aBSBGHER (Home Educational Resources) bITSEX (sex of teacher) cBSBGSLM (Students Like Learning Mathematics) dBCBG01 
(school size) eBCBG03A (percent economically disadvantaged background) fBTBG12 (mathematics class size) gBTBG01 (years of 
experience) hBTBG02 (sex of teacher) iBTBG05A (mathematics major) jBTBG05F (mathematics education major) kBTBG04 
(advanced degree) lBTBM29A (mathematics content professional development) mBTBM29B (mathematics pedagogy professional 
development) nBSMMAT01-05 (overall mathematics) oBSMKNO01-05 (knowing) pBSMAPP01-05 (applying) qBSMREA01-05 
(reasoning)  
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Appendix D 
 
TIMSS 2011 Eighth Grade Science Variables 
 
Level Block 1 Block 2 Block 3 Block 4ab Block 5ab Block 6ab Outcome  
1 
Home 
Educational 
Resources 
(HRL) scalea, 
sexb, Students 
Like Learning 
Science (SLS) 
scalec 
- - - - - 
Overall science 
achievemento, 
knowingp, 
applyingq, 
reasoningr 
subscales 
2 - 
School sized, 
school 
socioeconomic 
compositione, 
class sizef 
Teaching 
experienceg, 
sexh 
Sciencei 
(Physics, 
Biology, Earth 
Science, and 
Chemistry), 
science 
educationj 
degrees, 
Advanced 
degreek, and 
propensity 
scores 
Content-focused 
professional 
developmentl, 
Pedagogy-
focused 
professional 
developmentm, 
and propensity 
scores 
Degrees by 
teaching 
experience,  
Degrees by 
curricular 
emphasis, 
Curricular 
emphasisn, 
Professional 
development 
by teaching 
experience  
Note. The model building diverged into two branches to examine specific science degrees versus any degree in science. aBSBGHER 
(Home Educational Resources) bITSEX (sex of teacher) cBSBGSLS (Students Like Learning Science) dBCBG01 (school size) 
eBCBG03A (percent disadvantaged economic background) fBTBG12 (science class size) gBTBG01 (years teaching experience) 
hBTBG02 (sex of teacher) iBTBG05B (Biology), BTBG05C (Physics), BTBG05D (Chemistry), BTBG05E (Earth Science) 
jBTBG05G (science education major) kBTBG04 (advanced degree) lBTBS28A (science content professional development) 
mBTBS28B (science pedagogy professional development) nBTBS23A-D (curricular emphases) oBSMMAT01-05 (overall science) 
pBSSKNO01-05 (knowledge science) qBSSAPP01-05 (application science) rBSSREA01-05 (reasoning science)
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Appendix E 
Statistical Models 
Herein is the global, final random coefficients multilevel model for the investigation of 
this study’s research questions. This global model comprises all variables in Appendix A, B, C, 
or D depending on the grade/subject. All continuous predictors were standardized before analysis, 
which is assumed in these models. While the three level-1 variables were allowed to vary 
randomly across clusters, level-2 variables were only used to explain variation in the random 
intercept.  
The level-1 model was: 
        ∑   
 
   
            
where 
    = the predicted score on the criterion variable for student i in class/school j 
    = the predicted score on the criterion for a student in class/school j who is at the 
grand mean at all variables in the model,  
    = the slope coefficient for class/school j representing the relationship between one of 
the variables in block one and    , and 
    = the unique random effect on the outcome associated with person i in class/school j 
after accounting for all variables in the model. 
The level-2 model was: 
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         ∑   
 
   
         ∑   
 
   
         ∑   
 
   
       
  ∑   
 
   
            
            (for all predictors in block 1) 
where 
    = the predicted value for a student in class/school j 
    = the estimated grand mean for the criterion in the population 
    = the unique effect of being in class/school j 
    = the slope coefficient representing the relationship between one of the variables in 
block two and    , 
    = the slope coefficient representing the relationship between one of the variables in 
block three and    , 
    = the slope coefficient representing the relationship between one of the variables in 
block four and    , 
    = the slope coefficient representing the relationship between one of the variables in 
block five and    , 
    = the slope coefficient representing the relationship between one of the variables in 
block six and    , 
    = the slope coefficient for class/school j representing the relationship between one of 
the variables in block one and    ,  
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    = the regression coefficient for the relationship between one of the variables in block 
one and    , on average (weighted) across classrooms, and 
    = the random effect on the regression slope for one of the variables in block one 
associated with class/school j. 
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Appendix F 
Descriptive Statistics 
Table F1 
Descriptive Statistics for Fourth Grade Mathematics 
Variable Mean 
Standard error 
of the mean 
Standard 
deviation 
Female student 0.51 0.01 0.50 
Overall PV 1 0.00 0.03 1.00 
Overall PV 2 0.01 0.03 1.00 
Overall PV 3 0.00 0.03 1.00 
Overall PV 4 0.00 0.03 1.00 
Overall PV 5 0.00 0.03 1.00 
Knowing PV 1 -0.01 0.03 1.00 
Knowing PV 2 0.00 0.03 1.00 
Knowing PV 3 0.00 0.03 1.00 
Knowing PV 4 -0.01 0.03 1.00 
Knowing PV 5 0.00 0.03 0.99 
Applying PV 1 0.00 0.03 1.00 
Applying PV 2 0.00 0.03 1.00 
Applying PV 3 0.00 0.03 1.00 
Applying PV 4 0.00 0.03 1.00 
Applying PV 5 0.00 0.03 0.99 
Reasoning PV 1 0.00 0.03 1.00 
Reasoning PV 2 0.00 0.03 1.00 
Reasoning PV 3 0.00 0.03 1.00 
Reasoning PV 4 0.00 0.03 1.00 
Reasoning PV 5 0.00 0.03 1.00 
Students like mathematics 0.00 0.02 1.00 
Number of home study supports 0.01 0.02 1.00 
Female teacher 0.89 0.02 0.32 
Advanced degree 0.64 0.02 0.48 
Mathematics major 0.06 0.01 0.23 
Mathematics minor 0.11 0.02 0.31 
Mathematics content PD 0.68 0.03 0.46 
Mathematics pedagogy PD 0.57 0.03 0.50 
School SES 11-25 percent 0.20 0.02 0.40 
School SES 26-50 percent 0.20 0.02 0.40 
School SES 50 or more percent 0.47 0.03 0.50 
Class size 0.02 0.05 1.01 
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Problems with working conditions 0.02 0.05 1.00 
Safe and orderly school 0.02 0.04 0.98 
School size -0.15 0.05 1.01 
Mathematics resource shortages -0.05 0.05 0.98 
School achievement 0.00 0.05 1.02 
New teacher (5 or fewer years) 0.19 0.02 0.39 
Mathematics major*New teacher 0.01 0.00 0.08 
Mathematics minor*New teacher 0.02 0.01 0.13 
Mathematics content PD*New teacher 0.14 0.02 0.34 
Mathematics pedagogy PD*New teacher 0.11 0.02 0.31 
Note. Standard errors calculated on basis of within- and between-variance components (Rubin, 
1987). PV = plausible value. PD = professional development. SES = socioeconomic status. 
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Table F2 
Descriptive Statistics for Fourth Grade Science 
Variable Mean 
Standard 
error of 
the mean 
Standard 
deviation 
Female student 0.51 0.01 0.50 
Overall PV 1 0.02 0.03 1.00 
Overall PV 2 0.02 0.03 0.99 
Overall PV 3 0.02 0.03 1.00 
Overall PV 4 0.02 0.03 0.99 
Overall PV 5 0.02 0.03 1.00 
Knowing PV 1 0.03 0.03 1.00 
Knowing PV 2 0.03 0.03 1.00 
Knowing PV 3 0.03 0.03 1.00 
Knowing PV 4 0.02 0.03 0.99 
Knowing PV 5 0.03 0.03 1.00 
Applying PV 1 0.02 0.03 1.00 
Applying PV 2 0.02 0.03 1.00 
Applying PV 3 0.02 0.03 1.00 
Applying PV 4 0.02 0.03 1.00 
Applying PV 5 0.03 0.03 1.00 
Reasoning PV 1 0.02 0.03 1.00 
Reasoning PV 2 0.02 0.03 1.00 
Reasoning PV 3 0.02 0.03 1.00 
Reasoning PV 4 0.02 0.03 1.00 
Reasoning PV 5 0.02 0.03 1.00 
Students like science 0.00 0.02 1.00 
Number of home study supports 0.01 0.02 1.00 
Female teacher 0.88 0.02 0.32 
Advanced degree 0.63 0.02 0.48 
Science major 0.07 0.01 0.25 
Science minor 0.08 0.02 0.28 
Science content PD 0.40 0.03 0.49 
Science pedagogy PD 0.29 0.02 0.45 
School SES 11-25 percent 0.20 0.02 0.40 
School SES 26-50 percent 0.20 0.02 0.40 
School SES 50 or more percent 0.46 0.03 0.50 
Class size 0.01 0.05 0.98 
Problems with working conditions 0.01 0.05 1.00 
Safe and orderly school 0.00 0.05 0.99 
School size -0.16 0.05 1.00 
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Science resource shortages -0.05 0.05 0.98 
School achievement 0.04 0.05 1.02 
New teacher (5 or fewer years) 0.19 0.02 0.39 
Science major*New teacher 0.01 0.01 0.12 
Science minor*New teacher 0.01 0.00 0.10 
Science content PD*New teacher 0.09 0.01 0.29 
Science pedagogy PD*New teacher 0.08 0.01 0.27 
Note. Standard errors calculated on basis of within- and between-variance components (Rubin, 
1987). PV = plausible value. PD = professional development. SES = socioeconomic status. 
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Table F3 
Descriptive Statistics for Eighth Grade Mathematics 
Variable Mean 
Standard 
error of 
the mean 
Standard 
deviation 
Female student 0.51 0.01 0.50 
Overall PV 1 0.00 0.04 1.01 
Overall PV 2 0.00 0.04 1.01 
Overall PV 3 0.00 0.04 1.01 
Overall PV 4 0.00 0.04 1.00 
Overall PV 5 0.00 0.04 1.01 
Knowing PV 1 -0.01 0.04 1.01 
Knowing PV 2 0.00 0.04 1.00 
Knowing PV 3 0.00 0.04 1.00 
Knowing PV 4 -0.01 0.04 1.01 
Knowing PV 5 -0.01 0.04 1.01 
Applying PV 1 -0.01 0.04 1.01 
Applying PV 2 0.00 0.04 1.01 
Applying PV 3 0.00 0.04 1.01 
Applying PV 4 0.00 0.04 1.01 
Applying PV 5 -0.01 0.04 1.01 
Reasoning PV 1 -0.01 0.04 1.01 
Reasoning PV 2 0.00 0.04 1.01 
Reasoning PV 3 0.00 0.04 1.01 
Reasoning PV 4 0.00 0.04 1.01 
Reasoning PV 5 0.00 0.04 1.01 
Home educational resources 0.03 0.03 1.00 
Students like mathematics -0.01 0.02 1.00 
Female teacher 0.70 0.02 0.46 
Advanced degree 0.61 0.03 0.49 
Mathematics major 0.45 0.02 0.50 
Mathematics education major 0.54 0.03 0.50 
Mathematics content PD 0.73 0.03 0.44 
Mathematics pedagogy PD 0.73 0.03 0.45 
School SES 11-25 percent 0.17 0.02 0.38 
School SES 26-50 percent 0.24 0.02 0.43 
School SES 50 or more percent 0.41 0.03 0.49 
Class size 0.12 0.05 0.96 
Problems with working conditions 0.03 0.05 0.99 
Safe and orderly school 0.06 0.05 0.99 
School size 0.03 0.05 1.03 
 249 
Mathematics resource shortages -0.01 0.05 1.01 
School achievement 0.08 0.05 1.02 
New teacher (5 or fewer years) 0.23 0.02 0.42 
Mathematics major*New teacher 0.10 0.01 0.30 
Mathematics education major*New teacher 0.12 0.02 0.32 
Mathematics content PD*New teacher 0.16 0.02 0.37 
Mathematics pedagogy PD*New teacher 0.17 0.02 0.38 
Note. Standard errors calculated on basis of within- and between-variance components (Rubin, 
1987). PV = plausible value. PD = professional development. SES = socioeconomic status. 
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Table F4 
Descriptive Statistics for Eighth Grade Science 
Variable Mean 
Standard 
error of 
the mean 
Standard 
deviation 
Female student 0.51 0.01 0.50 
Overall PV 1 0.01 0.04 1.01 
Overall PV 2 0.01 0.04 1.01 
Overall PV 3 0.01 0.04 1.01 
Overall PV 4 0.01 0.04 1.01 
Overall PV 5 0.01 0.04 1.01 
Knowing PV 1 0.01 0.04 1.01 
Knowing PV 2 0.01 0.04 1.01 
Knowing PV 3 0.01 0.03 1.01 
Knowing PV 4 0.01 0.03 1.01 
Knowing PV 5 0.01 0.04 1.01 
Applying PV 1 0.00 0.04 1.01 
Applying PV 2 0.01 0.04 1.01 
Applying PV 3 0.01 0.04 1.01 
Applying PV 4 0.01 0.04 1.01 
Applying PV 5 0.01 0.04 1.01 
Reasoning PV 1 0.00 0.04 1.01 
Reasoning PV 2 0.00 0.04 1.01 
Reasoning PV 3 0.01 0.04 1.01 
Reasoning PV 4 0.01 0.04 1.01 
Reasoning PV 5 0.01 0.04 1.01 
Home educational resources 0.03 0.03 1.00 
Students like science 0.00 0.02 1.00 
Female teacher 0.63 0.03 0.48 
Advanced degree 0.64 0.03 0.48 
Biology major 0.48 0.03 0.50 
Physics major 0.09 0.02 0.29 
Chemistry major 0.21 0.02 0.41 
Earth science major 0.20 0.02 0.40 
Science education major 0.46 0.03 0.50 
Science content PD 0.76 0.02 0.43 
Science pedagogy PD 0.67 0.02 0.47 
School SES 11-25 percent 0.17 0.02 0.38 
School SES 26-50 percent 0.24 0.02 0.43 
School SES 50 or more percent 0.41 0.02 0.49 
Class size 0.01 0.05 0.98 
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Biology emphasis -0.01 0.05 1.02 
Chemistry emphasis 0.01 0.05 1.00 
Physics emphasis 0.01 0.05 1.01 
Earth science emphasis 0.00 0.05 1.02 
Problems with working conditions 0.06 0.05 1.03 
Safe and orderly school 0.10 0.05 1.01 
School size 0.03 0.05 1.03 
Science resource shortages 0.00 0.05 1.02 
School achievement 0.09 0.05 1.02 
Any science major 0.63 0.03 0.48 
New teacher (5 or fewer years) 0.18 0.02 0.38 
Biology major*New teacher 0.08 0.02 0.28 
Physics major*New teacher 0.02 0.01 0.14 
Chemistry major*New teacher 0.05 0.01 0.21 
Earth science major*New teacher 0.03 0.01 0.16 
Science education major*New teacher 0.07 0.01 0.26 
Science content PD*New teacher 0.15 0.02 0.36 
Science pedagogy PD*New teacher 0.14 0.02 0.35 
Any science major*New teacher 0.11 0.02 0.31 
Biology major*Biology emphasis 0.00 0.02 0.23 
Physics major*Physics emphasis -0.01 0.01 0.10 
Chemistry major*Chemistry emphasis 0.01 0.01 0.18 
Earth science major*Earth science emphasis 0.01 0.01 0.15 
Note. Standard errors calculated on basis of within- and between-variance components (Rubin, 
1987). PV = plausible value. PD = professional development. SES = socioeconomic status.  
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Appendix G 
Bivariate Correlations 
Table G1 
Correlations for Fourth Grade Mathematics 
  
1 2 3 4 5 6 7 8 9 10 
1 Female student 1.00 -0.05 -0.06 -0.06 -0.05 -0.06 -0.07 -0.07 -0.07 -0.06 
2 Overall PV 1 -0.05 1.00 0.88 0.88 0.88 0.88 0.86 0.85 0.86 0.86 
3 Overall PV 2 -0.06 0.88 1.00 0.88 0.88 0.88 0.85 0.85 0.85 0.85 
4 Overall PV 3 -0.06 0.88 0.88 1.00 0.88 0.88 0.85 0.85 0.86 0.85 
5 Overall PV 4 -0.05 0.88 0.88 0.88 1.00 0.88 0.86 0.85 0.86 0.86 
6 Overall PV 5 -0.06 0.88 0.88 0.88 0.88 1.00 0.85 0.85 0.85 0.86 
7 Knowing PV 1 -0.07 0.86 0.85 0.85 0.86 0.85 1.00 0.85 0.86 0.86 
8 Knowing PV 2 -0.07 0.85 0.85 0.85 0.85 0.85 0.85 1.00 0.85 0.85 
9 Knowing PV 3 -0.07 0.86 0.85 0.86 0.86 0.85 0.86 0.85 1.00 0.86 
10 Knowing PV 4 -0.06 0.86 0.85 0.85 0.86 0.86 0.86 0.85 0.86 1.00 
11 Knowing PV 5 -0.07 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85 
12 Applying PV 1 -0.05 0.86 0.85 0.85 0.86 0.85 0.96 0.84 0.84 0.84 
13 Applying PV 2 -0.05 0.85 0.85 0.85 0.86 0.85 0.84 0.96 0.84 0.84 
14 Applying PV 3 -0.06 0.86 0.85 0.86 0.86 0.85 0.84 0.84 0.96 0.84 
15 Applying PV 4 -0.05 0.86 0.85 0.85 0.86 0.86 0.84 0.84 0.84 0.96 
16 Applying PV 5 -0.05 0.86 0.85 0.85 0.86 0.85 0.84 0.83 0.84 0.84 
17 Reasoning PV 1 -0.03 0.84 0.83 0.83 0.84 0.83 0.94 0.82 0.82 0.82 
18 Reasoning PV 2 -0.03 0.83 0.83 0.83 0.83 0.83 0.82 0.93 0.82 0.82 
19 Reasoning PV 3 -0.03 0.83 0.83 0.83 0.83 0.83 0.81 0.81 0.93 0.81 
20 Reasoning PV 4 -0.03 0.83 0.83 0.83 0.83 0.83 0.82 0.82 0.82 0.93 
21 Reasoning PV 5 -0.03 0.84 0.84 0.83 0.84 0.83 0.82 0.81 0.81 0.82 
22 Students like mathematics 0.00 0.12 0.12 0.13 0.12 0.12 0.14 0.12 0.12 0.13 
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23 Number of home study supports -0.03 0.19 0.18 0.18 0.17 0.17 0.17 0.19 0.18 0.18 
24 Female teacher 0.01 0.01 0.01 0.01 0.01 0.01 0.00 0.00 0.01 0.00 
25 Advanced degree -0.01 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.02 0.03 
26 Mathematics major 0.00 0.01 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 
27 Mathematics minor 0.00 0.05 0.04 0.05 0.04 0.05 0.06 0.05 0.05 0.05 
28 Mathematics content PD 0.00 -0.03 -0.03 -0.03 -0.02 -0.03 -0.02 -0.03 -0.03 -0.03 
29 Mathematics pedagogy PD 0.00 0.00 -0.01 0.00 0.00 -0.01 0.01 -0.01 0.00 0.00 
30 School SES 11-25 percent 0.00 0.16 0.16 0.16 0.15 0.16 0.16 0.17 0.16 0.16 
31 School SES 26-50 percent 0.00 0.07 0.07 0.07 0.07 0.07 0.08 0.07 0.07 0.07 
32 School SES 50 or more percent 0.01 -0.31 -0.31 -0.32 -0.31 -0.31 -0.32 -0.31 -0.31 -0.32 
33 Class size 0.00 0.01 0.01 0.01 0.01 0.01 0.02 0.02 0.02 0.02 
34 Problems with working conditions 0.01 0.07 0.07 0.07 0.07 0.08 0.06 0.06 0.06 0.06 
35 Safe and orderly school 0.00 0.21 0.20 0.20 0.21 0.21 0.20 0.20 0.20 0.21 
36 School size 0.00 0.04 0.04 0.04 0.05 0.04 0.05 0.05 0.05 0.05 
37 Mathematics resource shortages -0.01 0.09 0.08 0.09 0.09 0.09 0.09 0.09 0.09 0.09 
38 School achievement -0.01 0.52 0.52 0.53 0.53 0.53 0.54 0.54 0.54 0.54 
39 New teacher (5 or fewer years) -0.02 -0.01 0.00 -0.01 -0.01 -0.01 0.00 -0.01 -0.01 -0.01 
40 Mathematics major*New teacher 0.00 0.00 0.01 0.01 0.00 0.01 0.01 0.01 0.01 0.01 
41 Mathematics minor*New teacher 0.00 0.06 0.06 0.06 0.06 0.06 0.07 0.07 0.07 0.07 
42 Mathematics content PD*New teacher -0.02 0.00 0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.00 
43 Mathematics pedagogy PD*New teacher -0.01 0.01 0.02 0.01 0.01 0.01 0.02 0.02 0.01 0.01 
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11 12 13 14 15 16 17 18 19 20 
1 Female student -0.07 -0.05 -0.05 -0.06 -0.05 -0.05 -0.03 -0.03 -0.03 -0.03 
2 Overall PV 1 0.85 0.86 0.85 0.86 0.86 0.86 0.84 0.83 0.83 0.83 
3 Overall PV 2 0.85 0.85 0.85 0.85 0.85 0.85 0.83 0.83 0.83 0.83 
4 Overall PV 3 0.85 0.85 0.85 0.86 0.85 0.85 0.83 0.83 0.83 0.83 
5 Overall PV 4 0.85 0.86 0.86 0.86 0.86 0.86 0.84 0.83 0.83 0.83 
6 Overall PV 5 0.85 0.85 0.85 0.85 0.86 0.85 0.83 0.83 0.83 0.83 
7 Knowing PV 1 0.85 0.96 0.84 0.84 0.84 0.84 0.94 0.82 0.81 0.82 
8 Knowing PV 2 0.85 0.84 0.96 0.84 0.84 0.83 0.82 0.93 0.81 0.82 
9 Knowing PV 3 0.85 0.84 0.84 0.96 0.84 0.84 0.82 0.82 0.93 0.82 
10 Knowing PV 4 0.85 0.84 0.84 0.84 0.96 0.84 0.82 0.82 0.81 0.93 
11 Knowing PV 5 1.00 0.84 0.84 0.84 0.84 0.96 0.82 0.81 0.81 0.81 
12 Applying PV 1 0.84 1.00 0.85 0.85 0.85 0.85 0.94 0.82 0.82 0.82 
13 Applying PV 2 0.84 0.85 1.00 0.85 0.85 0.85 0.82 0.94 0.82 0.82 
14 Applying PV 3 0.84 0.85 0.85 1.00 0.85 0.85 0.83 0.82 0.94 0.82 
15 Applying PV 4 0.84 0.85 0.85 0.85 1.00 0.85 0.82 0.82 0.81 0.94 
16 Applying PV 5 0.96 0.85 0.85 0.85 0.85 1.00 0.82 0.82 0.82 0.81 
17 Reasoning PV 1 0.82 0.94 0.82 0.83 0.82 0.82 1.00 0.82 0.82 0.82 
18 Reasoning PV 2 0.81 0.82 0.94 0.82 0.82 0.82 0.82 1.00 0.81 0.81 
19 Reasoning PV 3 0.81 0.82 0.82 0.94 0.81 0.82 0.82 0.81 1.00 0.81 
20 Reasoning PV 4 0.81 0.82 0.82 0.82 0.94 0.81 0.82 0.81 0.81 1.00 
21 Reasoning PV 5 0.93 0.82 0.82 0.82 0.82 0.94 0.82 0.82 0.81 0.81 
22 Students like mathematics 0.14 0.11 0.12 0.11 0.10 0.12 0.12 0.10 0.10 0.09 
23 Number of home study supports 0.17 0.17 0.17 0.18 0.16 0.18 0.16 0.17 0.17 0.16 
24 Female teacher 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 
25 Advanced degree 0.03 0.02 0.03 0.02 0.03 0.03 0.02 0.03 0.02 0.03 
26 Mathematics major 0.02 0.00 0.00 0.01 0.01 0.01 0.00 0.00 0.02 0.01 
27 Mathematics minor 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.04 0.05 0.05 
28 Mathematics content PD -0.03 -0.02 -0.03 -0.03 -0.03 -0.02 -0.02 -0.03 -0.03 -0.02 
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29 Mathematics pedagogy PD 0.00 0.01 0.00 0.00 0.00 0.00 0.01 -0.01 0.00 0.00 
30 School SES 11-25 percent 0.16 0.16 0.16 0.16 0.15 0.15 0.16 0.16 0.15 0.15 
31 School SES 26-50 percent 0.07 0.07 0.06 0.07 0.07 0.06 0.08 0.07 0.06 0.07 
32 School SES 50 or more percent -0.31 -0.30 -0.30 -0.30 -0.30 -0.30 -0.31 -0.30 -0.29 -0.30 
33 Class size 0.02 0.02 0.01 0.02 0.02 0.01 0.02 0.01 0.02 0.02 
34 Problems with working conditions 0.06 0.06 0.06 0.06 0.05 0.06 0.06 0.06 0.06 0.05 
35 Safe and orderly school 0.21 0.20 0.19 0.19 0.20 0.20 0.20 0.19 0.19 0.20 
36 School size 0.05 0.05 0.04 0.04 0.04 0.05 0.05 0.03 0.04 0.04 
37 Mathematics resource shortages 0.09 0.09 0.08 0.09 0.09 0.08 0.09 0.07 0.08 0.08 
38 School achievement 0.53 0.52 0.51 0.52 0.52 0.51 0.52 0.50 0.49 0.52 
39 New teacher (5 or fewer years) 0.00 -0.01 -0.01 0.00 -0.01 0.00 -0.01 -0.01 -0.01 -0.01 
40 Mathematics major*New teacher 0.01 0.01 0.00 0.01 0.01 0.01 0.01 0.00 0.01 0.01 
41 Mathematics minor*New teacher 0.07 0.07 0.06 0.07 0.06 0.06 0.07 0.06 0.06 0.06 
42 Mathematics content PD*New teacher 0.01 0.01 0.00 0.01 0.00 0.01 0.00 0.00 0.00 0.00 
43 Mathematics pedagogy PD*New teacher 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.01 0.01 0.01 
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21 22 23 24 25 26 27 28 29 30 
1 Female student -0.03 0.00 -0.03 0.01 -0.01 0.00 0.00 0.00 0.00 0.00 
2 Overall PV 1 0.84 0.12 0.19 0.01 0.02 0.01 0.05 -0.03 0.00 0.16 
3 Overall PV 2 0.84 0.12 0.18 0.01 0.02 0.00 0.04 -0.03 -0.01 0.16 
4 Overall PV 3 0.83 0.13 0.18 0.01 0.02 0.01 0.05 -0.03 0.00 0.16 
5 Overall PV 4 0.84 0.12 0.17 0.01 0.02 0.01 0.04 -0.02 0.00 0.15 
6 Overall PV 5 0.83 0.12 0.17 0.01 0.02 0.01 0.05 -0.03 -0.01 0.16 
7 Knowing PV 1 0.82 0.14 0.17 0.00 0.03 0.01 0.06 -0.02 0.01 0.16 
8 Knowing PV 2 0.81 0.12 0.19 0.00 0.03 0.01 0.05 -0.03 -0.01 0.17 
9 Knowing PV 3 0.81 0.12 0.18 0.01 0.02 0.01 0.05 -0.03 0.00 0.16 
10 Knowing PV 4 0.82 0.13 0.18 0.00 0.03 0.01 0.05 -0.03 0.00 0.16 
11 Knowing PV 5 0.93 0.14 0.17 0.01 0.03 0.02 0.05 -0.03 0.00 0.16 
12 Applying PV 1 0.82 0.11 0.17 0.00 0.02 0.00 0.05 -0.02 0.01 0.16 
13 Applying PV 2 0.82 0.12 0.17 0.00 0.03 0.00 0.05 -0.03 0.00 0.16 
14 Applying PV 3 0.82 0.11 0.18 0.01 0.02 0.01 0.05 -0.03 0.00 0.16 
15 Applying PV 4 0.82 0.10 0.16 0.00 0.03 0.01 0.05 -0.03 0.00 0.15 
16 Applying PV 5 0.94 0.12 0.18 0.00 0.03 0.01 0.05 -0.02 0.00 0.15 
17 Reasoning PV 1 0.82 0.12 0.16 0.00 0.02 0.00 0.05 -0.02 0.01 0.16 
18 Reasoning PV 2 0.82 0.10 0.17 0.00 0.03 0.00 0.04 -0.03 -0.01 0.16 
19 Reasoning PV 3 0.81 0.10 0.17 0.00 0.02 0.02 0.05 -0.03 0.00 0.15 
20 Reasoning PV 4 0.81 0.09 0.16 0.00 0.03 0.01 0.05 -0.02 0.00 0.15 
21 Reasoning PV 5 1.00 0.12 0.17 0.00 0.03 0.01 0.05 -0.03 0.00 0.16 
22 Students like mathematics 0.12 1.00 -0.04 0.00 0.00 0.02 0.01 0.00 -0.02 -0.06 
23 Number of home study supports 0.17 -0.04 1.00 0.02 0.00 0.00 0.02 -0.03 -0.01 0.10 
24 Female teacher 0.00 0.00 0.02 1.00 0.05 -0.03 0.00 -0.06 -0.11 -0.04 
25 Advanced degree 0.03 0.00 0.00 0.05 1.00 0.03 0.05 -0.02 -0.01 0.01 
26 Mathematics major 0.01 0.02 0.00 -0.03 0.03 1.00 0.50 0.06 0.10 -0.03 
27 Mathematics minor 0.05 0.01 0.02 0.00 0.05 0.50 1.00 0.06 0.07 0.04 
28 Mathematics content PD -0.03 0.00 -0.03 -0.06 -0.02 0.06 0.06 1.00 0.60 -0.07 
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29 Mathematics pedagogy PD 0.00 -0.02 -0.01 -0.11 -0.01 0.10 0.07 0.60 1.00 0.00 
30 School SES 11-25 percent 0.16 -0.06 0.10 -0.04 0.01 -0.03 0.04 -0.07 0.00 1.00 
31 School SES 26-50 percent 0.07 0.01 0.03 0.07 -0.02 0.01 -0.02 0.08 0.02 -0.25 
32 School SES 50 or more percent -0.31 0.06 -0.19 -0.03 -0.05 0.04 0.01 0.07 0.04 -0.48 
33 Class size 0.01 -0.01 -0.02 -0.06 0.10 -0.02 0.00 0.00 0.06 -0.03 
34 Problems with working conditions 0.07 -0.02 0.06 0.15 -0.07 0.01 0.05 0.02 -0.05 0.11 
35 Safe and orderly school 0.20 -0.04 0.12 0.07 0.04 -0.03 0.01 -0.01 0.03 0.19 
36 School size 0.04 0.01 0.01 -0.07 0.04 0.00 0.00 0.03 0.04 -0.04 
37 Mathematics resource shortages 0.08 -0.02 0.06 0.13 -0.05 0.03 0.10 0.04 0.07 0.02 
38 School achievement 0.51 -0.05 0.18 0.01 0.03 0.01 0.06 -0.05 -0.02 0.30 
39 New teacher (5 or fewer years) -0.01 0.01 -0.01 -0.01 -0.26 -0.04 -0.03 0.05 0.03 -0.02 
40 Mathematics major*New teacher 0.01 0.02 0.02 0.02 -0.11 0.35 0.21 0.03 -0.02 -0.01 
41 Mathematics minor*New teacher 0.06 0.02 0.02 0.03 -0.09 0.18 0.37 0.00 -0.04 0.00 
42 Mathematics content PD*New teacher 0.01 0.01 0.00 -0.02 -0.23 -0.02 -0.03 0.27 0.15 -0.02 
43 Mathematics pedagogy PD*New teacher 0.02 0.00 0.01 -0.07 -0.16 -0.04 -0.05 0.18 0.31 0.04 
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31 32 33 34 35 36 37 38 39 40 
1 Female student 0.00 0.01 0.00 0.01 0.00 0.00 -0.01 -0.01 -0.02 0.00 
2 Overall PV 1 0.07 -0.31 0.01 0.07 0.21 0.04 0.09 0.52 -0.01 0.00 
3 Overall PV 2 0.07 -0.31 0.01 0.07 0.20 0.04 0.08 0.52 0.00 0.01 
4 Overall PV 3 0.07 -0.32 0.01 0.07 0.20 0.04 0.09 0.53 -0.01 0.01 
5 Overall PV 4 0.07 -0.31 0.01 0.07 0.21 0.05 0.09 0.53 -0.01 0.00 
6 Overall PV 5 0.07 -0.31 0.01 0.08 0.21 0.04 0.09 0.53 -0.01 0.01 
7 Knowing PV 1 0.08 -0.32 0.02 0.06 0.20 0.05 0.09 0.54 0.00 0.01 
8 Knowing PV 2 0.07 -0.31 0.02 0.06 0.20 0.05 0.09 0.54 -0.01 0.01 
9 Knowing PV 3 0.07 -0.31 0.02 0.06 0.20 0.05 0.09 0.54 -0.01 0.01 
10 Knowing PV 4 0.07 -0.32 0.02 0.06 0.21 0.05 0.09 0.54 -0.01 0.01 
11 Knowing PV 5 0.07 -0.31 0.02 0.06 0.21 0.05 0.09 0.53 0.00 0.01 
12 Applying PV 1 0.07 -0.30 0.02 0.06 0.20 0.05 0.09 0.52 -0.01 0.01 
13 Applying PV 2 0.06 -0.30 0.01 0.06 0.19 0.04 0.08 0.51 -0.01 0.00 
14 Applying PV 3 0.07 -0.30 0.02 0.06 0.19 0.04 0.09 0.52 0.00 0.01 
15 Applying PV 4 0.07 -0.30 0.02 0.05 0.20 0.04 0.09 0.52 -0.01 0.01 
16 Applying PV 5 0.06 -0.30 0.01 0.06 0.20 0.05 0.08 0.51 0.00 0.01 
17 Reasoning PV 1 0.08 -0.31 0.02 0.06 0.20 0.05 0.09 0.52 -0.01 0.01 
18 Reasoning PV 2 0.07 -0.30 0.01 0.06 0.19 0.03 0.07 0.50 -0.01 0.00 
19 Reasoning PV 3 0.06 -0.29 0.02 0.06 0.19 0.04 0.08 0.49 -0.01 0.01 
20 Reasoning PV 4 0.07 -0.30 0.02 0.05 0.20 0.04 0.08 0.52 -0.01 0.01 
21 Reasoning PV 5 0.07 -0.31 0.01 0.07 0.20 0.04 0.08 0.51 -0.01 0.01 
22 Students like mathematics 0.01 0.06 -0.01 -0.02 -0.04 0.01 -0.02 -0.05 0.01 0.02 
23 Number of home study supports 0.03 -0.19 -0.02 0.06 0.12 0.01 0.06 0.18 -0.01 0.02 
24 Female teacher 0.07 -0.03 -0.06 0.15 0.07 -0.07 0.13 0.01 -0.01 0.02 
25 Advanced degree -0.02 -0.05 0.10 -0.07 0.04 0.04 -0.05 0.03 -0.26 -0.11 
26 Mathematics major 0.01 0.04 -0.02 0.01 -0.03 0.00 0.03 0.01 -0.04 0.35 
27 Mathematics minor -0.02 0.01 0.00 0.05 0.01 0.00 0.10 0.06 -0.03 0.21 
28 Mathematics content PD 0.08 0.07 0.00 0.02 -0.01 0.03 0.04 -0.05 0.05 0.03 
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29 Mathematics pedagogy PD 0.02 0.04 0.06 -0.05 0.03 0.04 0.07 -0.02 0.03 -0.02 
30 School SES 11-25 percent -0.25 -0.48 -0.03 0.11 0.19 -0.04 0.02 0.30 -0.02 -0.01 
31 School SES 26-50 percent 1.00 -0.47 0.07 -0.06 0.15 0.06 0.03 0.13 0.04 -0.02 
32 School SES 50 or more percent -0.47 1.00 0.02 -0.12 -0.43 0.00 -0.12 -0.59 0.03 0.01 
33 Class size 0.07 0.02 1.00 -0.21 -0.01 0.22 -0.07 0.00 -0.13 -0.05 
34 Problems with working conditions -0.06 -0.12 -0.21 1.00 0.38 0.02 0.18 0.15 -0.04 -0.04 
35 Safe and orderly school 0.15 -0.43 -0.01 0.38 1.00 0.05 0.14 0.39 -0.06 -0.05 
36 School size 0.06 0.00 0.22 0.02 0.05 1.00 0.05 0.08 -0.03 0.02 
37 Mathematics resource shortages 0.03 -0.12 -0.07 0.18 0.14 0.05 1.00 0.17 0.00 -0.01 
38 School achievement 0.13 -0.59 0.00 0.15 0.39 0.08 0.17 1.00 -0.05 0.01 
39 New teacher (5 or fewer years) 0.04 0.03 -0.13 -0.04 -0.06 -0.03 0.00 -0.05 1.00 0.18 
40 Mathematics major*New teacher -0.02 0.01 -0.05 -0.04 -0.05 0.02 -0.01 0.01 0.18 1.00 
41 Mathematics minor*New teacher 0.07 -0.05 -0.01 -0.05 -0.03 0.02 0.04 0.08 0.28 0.56 
42 Mathematics content PD*New teacher 0.05 0.00 -0.13 -0.02 -0.03 0.01 0.00 -0.02 0.83 0.18 
43 Mathematics pedagogy PD*New teacher 0.03 -0.03 -0.11 -0.02 0.00 -0.02 0.02 -0.01 0.74 0.09 
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41 42 43 
1 Female student 0.00 -0.02 -0.01 
2 Overall PV 1 0.06 0.00 0.01 
3 Overall PV 2 0.06 0.01 0.02 
4 Overall PV 3 0.06 0.00 0.01 
5 Overall PV 4 0.06 0.00 0.01 
6 Overall PV 5 0.06 0.00 0.01 
7 Knowing PV 1 0.07 0.01 0.02 
8 Knowing PV 2 0.07 0.00 0.02 
9 Knowing PV 3 0.07 0.00 0.01 
10 Knowing PV 4 0.07 0.00 0.01 
11 Knowing PV 5 0.07 0.01 0.02 
12 Applying PV 1 0.07 0.01 0.02 
13 Applying PV 2 0.06 0.00 0.02 
14 Applying PV 3 0.07 0.01 0.02 
15 Applying PV 4 0.06 0.00 0.02 
16 Applying PV 5 0.06 0.01 0.02 
17 Reasoning PV 1 0.07 0.00 0.02 
18 Reasoning PV 2 0.06 0.00 0.01 
19 Reasoning PV 3 0.06 0.00 0.01 
20 Reasoning PV 4 0.06 0.00 0.01 
21 Reasoning PV 5 0.06 0.01 0.02 
22 Students like mathematics 0.02 0.01 0.00 
23 Number of home study supports 0.02 0.00 0.01 
24 Female teacher 0.03 -0.02 -0.07 
25 Advanced degree -0.09 -0.23 -0.16 
26 Mathematics major 0.18 -0.02 -0.04 
27 Mathematics minor 0.37 -0.03 -0.05 
28 Mathematics content PD 0.00 0.27 0.18 
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29 Mathematics pedagogy PD -0.04 0.15 0.31 
30 School SES 11-25 percent 0.00 -0.02 0.04 
31 School SES 26-50 percent 0.07 0.05 0.03 
32 School SES 50 or more percent -0.05 0.00 -0.03 
33 Class size -0.01 -0.13 -0.11 
34 Problems with working conditions -0.05 -0.02 -0.02 
35 Safe and orderly school -0.03 -0.03 0.00 
36 School size 0.02 0.01 -0.02 
37 Mathematics resource shortages 0.04 0.00 0.02 
38 School achievement 0.08 -0.02 -0.01 
39 New teacher (5 or fewer years) 0.28 0.83 0.74 
40 Mathematics major*New teacher 0.56 0.18 0.09 
41 Mathematics minor*New teacher 1.00 0.21 0.13 
42 Mathematics content PD*New teacher 0.21 1.00 0.81 
43 Mathematics pedagogy PD*New teacher 0.13 0.81 1.00 
PV = plausible value. PD = professional development. SES = socioeconomic status. 
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Table G2 
Correlations for Fourth Grade Science 
  
1 2 3 4 5 6 7 8 9 10 
1 Female student 1.00 -0.06 -0.06 -0.07 -0.06 -0.06 -0.04 -0.07 -0.08 -0.07 
2 Overall PV 1 -0.06 1.00 0.86 0.86 0.86 0.86 0.83 0.83 0.82 0.83 
3 Overall PV 2 -0.06 0.86 1.00 0.86 0.86 0.86 0.82 0.82 0.81 0.82 
4 Overall PV 3 -0.07 0.86 0.86 1.00 0.86 0.86 0.82 0.83 0.82 0.82 
5 Overall PV 4 -0.06 0.86 0.86 0.86 1.00 0.86 0.83 0.82 0.82 0.82 
6 Overall PV 5 -0.06 0.86 0.86 0.86 0.86 1.00 0.83 0.83 0.82 0.83 
7 Knowing PV 1 -0.04 0.83 0.82 0.82 0.83 0.83 1.00 0.82 0.82 0.83 
8 Knowing PV 2 -0.07 0.83 0.82 0.83 0.82 0.83 0.82 1.00 0.82 0.82 
9 Knowing PV 3 -0.08 0.82 0.81 0.82 0.82 0.82 0.82 0.82 1.00 0.82 
10 Knowing PV 4 -0.07 0.83 0.82 0.82 0.82 0.83 0.83 0.82 0.82 1.00 
11 Knowing PV 5 -0.07 0.83 0.82 0.83 0.82 0.83 0.82 0.82 0.82 0.82 
12 Applying PV 1 -0.09 0.83 0.82 0.82 0.83 0.83 0.97 0.81 0.81 0.81 
13 Applying PV 2 -0.09 0.83 0.83 0.83 0.83 0.83 0.82 0.97 0.81 0.81 
14 Applying PV 3 -0.10 0.83 0.82 0.83 0.83 0.83 0.81 0.81 0.97 0.81 
15 Applying PV 4 -0.08 0.83 0.83 0.83 0.83 0.83 0.82 0.81 0.82 0.97 
16 Applying PV 5 -0.09 0.83 0.82 0.83 0.83 0.84 0.81 0.81 0.81 0.81 
17 Reasoning PV 1 -0.01 0.81 0.80 0.80 0.81 0.81 0.95 0.79 0.79 0.79 
18 Reasoning PV 2 0.00 0.80 0.80 0.80 0.80 0.80 0.78 0.93 0.78 0.78 
19 Reasoning PV 3 -0.02 0.81 0.81 0.81 0.81 0.81 0.80 0.79 0.94 0.79 
20 Reasoning PV 4 -0.01 0.81 0.81 0.81 0.81 0.81 0.80 0.79 0.79 0.94 
21 Reasoning PV 5 0.03 0.81 0.81 0.81 0.81 0.82 0.80 0.79 0.79 0.79 
22 Students like science -0.01 0.15 0.12 0.15 0.15 0.13 0.15 0.14 0.15 0.13 
23 Number of home study supports -0.03 0.21 0.22 0.21 0.21 0.21 0.23 0.24 0.22 0.24 
24 Female teacher 0.01 0.02 0.01 0.02 0.02 0.01 0.02 0.02 0.02 0.02 
25 Advanced degree -0.02 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 0.00 0.00 
26 Science major -0.01 0.00 0.00 -0.01 0.00 0.00 -0.01 -0.01 0.00 -0.01 
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27 Science minor 0.01 0.01 0.00 0.01 0.00 0.01 0.01 0.00 0.00 -0.01 
28 Science content PD 0.00 0.00 0.00 0.00 0.01 0.00 -0.01 -0.01 0.00 -0.01 
29 Science pedagogy PD -0.01 0.03 0.03 0.03 0.04 0.03 0.03 0.02 0.03 0.02 
30 School SES 11-25 percent 0.00 0.16 0.17 0.17 0.16 0.17 0.18 0.17 0.17 0.17 
31 School SES 26-50 percent 0.00 0.08 0.08 0.08 0.08 0.08 0.09 0.09 0.08 0.08 
32 School SES 50 or more percent 0.01 -0.34 -0.34 -0.34 -0.33 -0.34 -0.36 -0.36 -0.34 -0.35 
33 Class size 0.02 0.01 0.01 0.00 0.01 0.00 0.00 0.01 0.01 0.01 
34 Problems with working conditions 0.00 0.06 0.06 0.06 0.06 0.06 0.05 0.06 0.07 0.07 
35 Safe and orderly school 0.00 0.22 0.22 0.22 0.22 0.22 0.23 0.22 0.23 0.23 
36 School size 0.00 0.02 0.01 0.01 0.02 0.01 0.00 0.00 0.00 0.01 
37 Science resource shortages -0.01 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.09 
38 School achievement -0.01 0.54 0.54 0.54 0.53 0.54 0.55 0.54 0.53 0.53 
39 New teacher (5 or fewer years) -0.01 0.02 0.01 0.01 0.01 0.02 0.02 0.01 0.02 0.01 
40 Science major*New teacher 0.00 -0.04 -0.05 -0.04 -0.04 -0.04 -0.05 -0.04 -0.04 -0.05 
41 Science minor*New teacher 0.01 0.02 0.01 0.02 0.01 0.02 0.01 0.01 0.02 0.01 
42 Science content PD*New teacher -0.02 0.00 -0.01 0.00 0.00 0.00 -0.01 -0.01 0.00 -0.01 
43 Science pedagogy PD*New teacher -0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.01 0.02 0.01 
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11 12 13 14 15 16 17 18 19 20 
1 Female student -0.07 -0.09 -0.09 -0.10 -0.08 -0.09 -0.01 0.00 -0.02 -0.01 
2 Overall PV 1 0.83 0.83 0.83 0.83 0.83 0.83 0.81 0.80 0.81 0.81 
3 Overall PV 2 0.82 0.82 0.83 0.82 0.83 0.82 0.80 0.80 0.81 0.81 
4 Overall PV 3 0.83 0.82 0.83 0.83 0.83 0.83 0.80 0.80 0.81 0.81 
5 Overall PV 4 0.82 0.83 0.83 0.83 0.83 0.83 0.81 0.80 0.81 0.81 
6 Overall PV 5 0.83 0.83 0.83 0.83 0.83 0.84 0.81 0.80 0.81 0.81 
7 Knowing PV 1 0.82 0.97 0.82 0.81 0.82 0.81 0.95 0.78 0.80 0.80 
8 Knowing PV 2 0.82 0.81 0.97 0.81 0.81 0.81 0.79 0.93 0.79 0.79 
9 Knowing PV 3 0.82 0.81 0.81 0.97 0.82 0.81 0.79 0.78 0.94 0.79 
10 Knowing PV 4 0.82 0.81 0.81 0.81 0.97 0.81 0.79 0.78 0.79 0.94 
11 Knowing PV 5 1.00 0.81 0.81 0.81 0.82 0.97 0.79 0.78 0.79 0.80 
12 Applying PV 1 0.81 1.00 0.83 0.83 0.83 0.83 0.94 0.78 0.79 0.80 
13 Applying PV 2 0.81 0.83 1.00 0.83 0.83 0.83 0.80 0.93 0.80 0.80 
14 Applying PV 3 0.81 0.83 0.83 1.00 0.83 0.83 0.80 0.79 0.94 0.80 
15 Applying PV 4 0.82 0.83 0.83 0.83 1.00 0.83 0.80 0.78 0.80 0.94 
16 Applying PV 5 0.97 0.83 0.83 0.83 0.83 1.00 0.80 0.79 0.80 0.81 
17 Reasoning PV 1 0.79 0.94 0.80 0.80 0.80 0.80 1.00 0.80 0.81 0.82 
18 Reasoning PV 2 0.78 0.78 0.93 0.79 0.78 0.79 0.80 1.00 0.80 0.81 
19 Reasoning PV 3 0.79 0.79 0.80 0.94 0.80 0.80 0.81 0.80 1.00 0.82 
20 Reasoning PV 4 0.80 0.80 0.80 0.80 0.94 0.81 0.82 0.81 0.82 1.00 
21 Reasoning PV 5 0.94 0.79 0.80 0.80 0.80 0.94 0.81 0.81 0.81 0.82 
22 Students like science 0.13 0.16 0.16 0.16 0.16 0.15 0.15 0.09 0.11 0.11 
23 Number of home study supports 0.23 0.21 0.21 0.21 0.21 0.23 0.19 0.18 0.19 0.19 
24 Female teacher 0.02 0.02 0.02 0.01 0.02 0.02 0.02 0.01 0.01 0.02 
25 Advanced degree -0.01 0.00 0.00 0.00 0.00 -0.01 0.00 -0.01 0.00 0.00 
26 Science major -0.01 0.00 -0.01 0.00 -0.01 -0.01 0.00 -0.01 -0.01 -0.02 
27 Science minor 0.00 0.01 0.00 0.00 -0.01 0.00 0.01 0.00 0.00 0.00 
28 Science content PD -0.01 -0.01 -0.01 0.00 -0.01 -0.01 -0.01 0.00 0.01 -0.01 
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29 Science pedagogy PD 0.02 0.03 0.02 0.03 0.02 0.02 0.03 0.02 0.03 0.02 
30 School SES 11-25 percent 0.18 0.17 0.17 0.17 0.17 0.18 0.16 0.15 0.16 0.17 
31 School SES 26-50 percent 0.08 0.08 0.09 0.08 0.09 0.08 0.09 0.08 0.09 0.08 
32 School SES 50 or more percent -0.35 -0.34 -0.35 -0.34 -0.35 -0.35 -0.33 -0.33 -0.34 -0.34 
33 Class size 0.00 0.00 0.01 0.01 0.01 0.00 0.00 0.01 0.01 0.01 
34 Problems with working conditions 0.06 0.06 0.06 0.07 0.06 0.07 0.05 0.06 0.06 0.06 
35 Safe and orderly school 0.22 0.22 0.22 0.23 0.23 0.22 0.22 0.21 0.23 0.22 
36 School size 0.00 0.01 0.01 0.01 0.01 0.00 0.02 0.02 0.01 0.02 
37 Science resource shortages 0.09 0.08 0.08 0.08 0.09 0.09 0.07 0.08 0.08 0.08 
38 School achievement 0.54 0.53 0.55 0.53 0.54 0.54 0.53 0.52 0.53 0.54 
39 New teacher (5 or fewer years) 0.02 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.00 
40 Science major*New teacher -0.04 -0.05 -0.04 -0.05 -0.05 -0.04 -0.04 -0.05 -0.05 -0.05 
41 Science minor*New teacher 0.01 0.01 0.01 0.02 0.01 0.01 0.01 0.01 0.02 0.01 
42 Science content PD*New teacher 0.00 -0.01 0.00 0.00 -0.01 0.00 0.00 -0.01 0.00 -0.01 
43 Science pedagogy PD*New teacher 0.02 0.02 0.01 0.02 0.01 0.02 0.02 0.01 0.02 0.01 
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21 22 23 24 25 26 27 28 29 30 
1 Female student 0.03 -0.01 -0.03 0.01 -0.02 -0.01 0.01 0.00 -0.01 0.00 
2 Overall PV 1 0.81 0.15 0.21 0.02 -0.01 0.00 0.01 0.00 0.03 0.16 
3 Overall PV 2 0.81 0.12 0.22 0.01 -0.01 0.00 0.00 0.00 0.03 0.17 
4 Overall PV 3 0.81 0.15 0.21 0.02 -0.01 -0.01 0.01 0.00 0.03 0.17 
5 Overall PV 4 0.81 0.15 0.21 0.02 -0.01 0.00 0.00 0.01 0.04 0.16 
6 Overall PV 5 0.82 0.13 0.21 0.01 -0.01 0.00 0.01 0.00 0.03 0.17 
7 Knowing PV 1 0.80 0.15 0.23 0.02 -0.01 -0.01 0.01 -0.01 0.03 0.18 
8 Knowing PV 2 0.79 0.14 0.24 0.02 -0.01 -0.01 0.00 -0.01 0.02 0.17 
9 Knowing PV 3 0.79 0.15 0.22 0.02 0.00 0.00 0.00 0.00 0.03 0.17 
10 Knowing PV 4 0.79 0.13 0.24 0.02 0.00 -0.01 -0.01 -0.01 0.02 0.17 
11 Knowing PV 5 0.94 0.13 0.23 0.02 -0.01 -0.01 0.00 -0.01 0.02 0.18 
12 Applying PV 1 0.79 0.16 0.21 0.02 0.00 0.00 0.01 -0.01 0.03 0.17 
13 Applying PV 2 0.80 0.16 0.21 0.02 0.00 -0.01 0.00 -0.01 0.02 0.17 
14 Applying PV 3 0.80 0.16 0.21 0.01 0.00 0.00 0.00 0.00 0.03 0.17 
15 Applying PV 4 0.80 0.16 0.21 0.02 0.00 -0.01 -0.01 -0.01 0.02 0.17 
16 Applying PV 5 0.94 0.15 0.23 0.02 -0.01 -0.01 0.00 -0.01 0.02 0.18 
17 Reasoning PV 1 0.81 0.15 0.19 0.02 0.00 0.00 0.01 -0.01 0.03 0.16 
18 Reasoning PV 2 0.81 0.09 0.18 0.01 -0.01 -0.01 0.00 0.00 0.02 0.15 
19 Reasoning PV 3 0.81 0.11 0.19 0.01 0.00 -0.01 0.00 0.01 0.03 0.16 
20 Reasoning PV 4 0.82 0.11 0.19 0.02 0.00 -0.02 0.00 -0.01 0.02 0.17 
21 Reasoning PV 5 1.00 0.12 0.20 0.02 -0.01 -0.01 0.01 0.00 0.03 0.17 
22 Students like science 0.12 1.00 0.02 0.00 0.00 0.02 -0.01 0.02 0.02 0.01 
23 Number of home study supports 0.20 0.02 1.00 0.01 0.00 -0.01 0.01 -0.01 0.01 0.10 
24 Female teacher 0.02 0.00 0.01 1.00 0.04 -0.01 -0.05 -0.01 -0.05 -0.01 
25 Advanced degree -0.01 0.00 0.00 0.04 1.00 0.07 0.00 -0.07 0.01 0.02 
26 Science major -0.01 0.02 -0.01 -0.01 0.07 1.00 0.25 0.11 0.07 0.02 
27 Science minor 0.01 -0.01 0.01 -0.05 0.00 0.25 1.00 0.02 0.08 0.04 
28 Science content PD 0.00 0.02 -0.01 -0.01 -0.07 0.11 0.02 1.00 0.66 -0.08 
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29 Science pedagogy PD 0.03 0.02 0.01 -0.05 0.01 0.07 0.08 0.66 1.00 -0.04 
30 School SES 11-25 percent 0.17 0.01 0.10 -0.01 0.02 0.02 0.04 -0.08 -0.04 1.00 
31 School SES 26-50 percent 0.08 0.02 0.04 0.03 0.00 -0.05 -0.04 0.02 -0.04 -0.25 
32 School SES 50 or more percent -0.34 -0.02 -0.20 -0.02 -0.03 0.03 0.00 0.04 0.04 -0.46 
33 Class size 0.01 -0.01 0.02 -0.13 0.09 0.07 0.23 0.09 0.11 -0.06 
34 Problems with working conditions 0.06 0.01 0.05 0.11 -0.07 -0.01 0.00 0.04 0.05 0.11 
35 Safe and orderly school 0.22 0.02 0.12 0.03 0.07 -0.02 0.01 0.07 0.06 0.20 
36 School size 0.02 -0.01 0.01 -0.07 0.00 -0.05 -0.06 0.03 0.06 -0.02 
37 Science resource shortages 0.08 -0.01 0.07 0.15 -0.06 -0.03 0.00 0.09 0.09 0.03 
38 School achievement 0.55 0.04 0.21 0.01 -0.01 0.00 0.01 -0.01 0.05 0.32 
39 New teacher (5 or fewer years) 0.01 0.02 -0.01 -0.07 -0.30 0.01 -0.05 0.08 0.14 -0.02 
40 Science major*New teacher -0.05 0.01 -0.02 -0.05 -0.03 0.44 0.00 0.05 -0.03 -0.02 
41 Science minor*New teacher 0.01 0.03 0.01 -0.07 -0.10 0.02 0.34 0.01 0.06 -0.01 
42 Science content PD*New teacher 0.00 0.03 -0.03 -0.04 -0.23 0.03 -0.03 0.39 0.33 -0.03 
43 Science pedagogy PD*New teacher 0.02 0.02 0.00 -0.02 -0.20 -0.04 -0.01 0.29 0.46 0.01 
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31 32 33 34 35 36 37 38 39 40 
1 Female student 0.00 0.01 0.02 0.00 0.00 0.00 -0.01 -0.01 -0.01 0.00 
2 Overall PV 1 0.08 -0.34 0.01 0.06 0.22 0.02 0.08 0.54 0.02 -0.04 
3 Overall PV 2 0.08 -0.34 0.01 0.06 0.22 0.01 0.08 0.54 0.01 -0.05 
4 Overall PV 3 0.08 -0.34 0.00 0.06 0.22 0.01 0.08 0.54 0.01 -0.04 
5 Overall PV 4 0.08 -0.33 0.01 0.06 0.22 0.02 0.08 0.53 0.01 -0.04 
6 Overall PV 5 0.08 -0.34 0.00 0.06 0.22 0.01 0.08 0.54 0.02 -0.04 
7 Knowing PV 1 0.09 -0.36 0.00 0.05 0.23 0.00 0.08 0.55 0.02 -0.05 
8 Knowing PV 2 0.09 -0.36 0.01 0.06 0.22 0.00 0.08 0.54 0.01 -0.04 
9 Knowing PV 3 0.08 -0.34 0.01 0.07 0.23 0.00 0.08 0.53 0.02 -0.04 
10 Knowing PV 4 0.08 -0.35 0.01 0.07 0.23 0.01 0.09 0.53 0.01 -0.05 
11 Knowing PV 5 0.08 -0.35 0.00 0.06 0.22 0.00 0.09 0.54 0.02 -0.04 
12 Applying PV 1 0.08 -0.34 0.00 0.06 0.22 0.01 0.08 0.53 0.01 -0.05 
13 Applying PV 2 0.09 -0.35 0.01 0.06 0.22 0.01 0.08 0.55 0.01 -0.04 
14 Applying PV 3 0.08 -0.34 0.01 0.07 0.23 0.01 0.08 0.53 0.01 -0.05 
15 Applying PV 4 0.09 -0.35 0.01 0.06 0.23 0.01 0.09 0.54 0.01 -0.05 
16 Applying PV 5 0.08 -0.35 0.00 0.07 0.22 0.00 0.09 0.54 0.01 -0.04 
17 Reasoning PV 1 0.09 -0.33 0.00 0.05 0.22 0.02 0.07 0.53 0.01 -0.04 
18 Reasoning PV 2 0.08 -0.33 0.01 0.06 0.21 0.02 0.08 0.52 0.01 -0.05 
19 Reasoning PV 3 0.09 -0.34 0.01 0.06 0.23 0.01 0.08 0.53 0.01 -0.05 
20 Reasoning PV 4 0.08 -0.34 0.01 0.06 0.22 0.02 0.08 0.54 0.00 -0.05 
21 Reasoning PV 5 0.08 -0.34 0.01 0.06 0.22 0.02 0.08 0.55 0.01 -0.05 
22 Students like science 0.02 -0.02 -0.01 0.01 0.02 -0.01 -0.01 0.04 0.02 0.01 
23 Number of home study supports 0.04 -0.20 0.02 0.05 0.12 0.01 0.07 0.21 -0.01 -0.02 
24 Female teacher 0.03 -0.02 -0.13 0.11 0.03 -0.07 0.15 0.01 -0.07 -0.05 
25 Advanced degree 0.00 -0.03 0.09 -0.07 0.07 0.00 -0.06 -0.01 -0.30 -0.03 
26 Science major -0.05 0.03 0.07 -0.01 -0.02 -0.05 -0.03 0.00 0.01 0.44 
27 Science minor -0.04 0.00 0.23 0.00 0.01 -0.06 0.00 0.01 -0.05 0.00 
28 Science content PD 0.02 0.04 0.09 0.04 0.07 0.03 0.09 -0.01 0.08 0.05 
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29 Science pedagogy PD -0.04 0.04 0.11 0.05 0.06 0.06 0.09 0.05 0.14 -0.03 
30 School SES 11-25 percent -0.25 -0.46 -0.06 0.11 0.20 -0.02 0.03 0.32 -0.02 -0.02 
31 School SES 26-50 percent 1.00 -0.46 0.01 -0.11 0.15 0.06 0.04 0.14 0.01 -0.03 
32 School SES 50 or more percent -0.46 1.00 0.02 -0.07 -0.38 -0.01 -0.14 -0.63 0.07 0.07 
33 Class size 0.01 0.02 1.00 -0.15 0.05 0.11 -0.09 -0.01 -0.03 -0.03 
34 Problems with working conditions -0.11 -0.07 -0.15 1.00 0.33 -0.04 0.15 0.12 -0.04 0.00 
35 Safe and orderly school 0.15 -0.38 0.05 0.33 1.00 0.05 0.14 0.40 -0.08 -0.06 
36 School size 0.06 -0.01 0.11 -0.04 0.05 1.00 0.05 0.02 0.02 0.00 
37 Science resource shortages 0.04 -0.14 -0.09 0.15 0.14 0.05 1.00 0.15 -0.02 -0.07 
38 School achievement 0.14 -0.63 -0.01 0.12 0.40 0.02 0.15 1.00 0.01 -0.10 
39 New teacher (5 or fewer years) 0.01 0.07 -0.03 -0.04 -0.08 0.02 -0.02 0.01 1.00 0.25 
40 Science major*New teacher -0.03 0.07 -0.03 0.00 -0.06 0.00 -0.07 -0.10 0.25 1.00 
41 Science minor*New teacher -0.02 0.05 0.27 -0.01 0.03 0.05 0.05 0.02 0.21 0.10 
42 Science content PD*New teacher -0.01 0.09 0.03 0.03 0.02 0.01 -0.03 -0.03 0.66 0.21 
43 Science pedagogy PD*New teacher -0.01 0.04 0.05 0.05 0.05 0.04 0.01 0.03 0.60 0.05 
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41 42 43 
1 Female student 0.01 -0.02 -0.01 
2 Overall PV 1 0.02 0.00 0.02 
3 Overall PV 2 0.01 -0.01 0.02 
4 Overall PV 3 0.02 0.00 0.02 
5 Overall PV 4 0.01 0.00 0.02 
6 Overall PV 5 0.02 0.00 0.02 
7 Knowing PV 1 0.01 -0.01 0.02 
8 Knowing PV 2 0.01 -0.01 0.01 
9 Knowing PV 3 0.02 0.00 0.02 
10 Knowing PV 4 0.01 -0.01 0.01 
11 Knowing PV 5 0.01 0.00 0.02 
12 Applying PV 1 0.01 -0.01 0.02 
13 Applying PV 2 0.01 0.00 0.01 
14 Applying PV 3 0.02 0.00 0.02 
15 Applying PV 4 0.01 -0.01 0.01 
16 Applying PV 5 0.01 0.00 0.02 
17 Reasoning PV 1 0.01 0.00 0.02 
18 Reasoning PV 2 0.01 -0.01 0.01 
19 Reasoning PV 3 0.02 0.00 0.02 
20 Reasoning PV 4 0.01 -0.01 0.01 
21 Reasoning PV 5 0.01 0.00 0.02 
22 Students like science 0.03 0.03 0.02 
23 Number of home study supports 0.01 -0.03 0.00 
24 Female teacher -0.07 -0.04 -0.02 
25 Advanced degree -0.10 -0.23 -0.20 
26 Science major 0.02 0.03 -0.04 
27 Science minor 0.34 -0.03 -0.01 
28 Science content PD 0.01 0.39 0.29 
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29 Science pedagogy PD 0.06 0.33 0.46 
30 School SES 11-25 percent -0.01 -0.03 0.01 
31 School SES 26-50 percent -0.02 -0.01 -0.01 
32 School SES 50 or more percent 0.05 0.09 0.04 
33 Class size 0.27 0.03 0.05 
34 Problems with working conditions -0.01 0.03 0.05 
35 Safe and orderly school 0.03 0.02 0.05 
36 School size 0.05 0.01 0.04 
37 Science resource shortages 0.05 -0.03 0.01 
38 School achievement 0.02 -0.03 0.03 
39 New teacher (5 or fewer years) 0.21 0.66 0.60 
40 Science major*New teacher 0.10 0.21 0.05 
41 Science minor*New teacher 1.00 0.13 0.18 
42 Science content PD*New teacher 0.13 1.00 0.80 
43 Science pedagogy PD*New teacher 0.18 0.80 1.00 
 PV = plausible value. PD = professional development. SES = socioeconomic status. 
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Table G3 
Correlations for Eighth Grade Mathematics 
  
1 2 3 4 5 6 7 8 9 10 
1 Female student 1.00 -0.02 -0.03 -0.02 -0.02 -0.03 0.00 0.00 -0.01 -0.01 
2 Overall PV 1 -0.02 1.00 0.92 0.92 0.92 0.92 0.90 0.90 0.90 0.89 
3 Overall PV 2 -0.03 0.92 1.00 0.92 0.92 0.92 0.90 0.89 0.90 0.90 
4 Overall PV 3 -0.02 0.92 0.92 1.00 0.92 0.92 0.90 0.90 0.90 0.89 
5 Overall PV 4 -0.02 0.92 0.92 0.92 1.00 0.92 0.90 0.90 0.90 0.90 
6 Overall PV 5 -0.03 0.92 0.92 0.92 0.92 1.00 0.90 0.90 0.90 0.90 
7 Knowing PV 1 0.00 0.90 0.90 0.90 0.90 0.90 1.00 0.89 0.90 0.90 
8 Knowing PV 2 0.00 0.90 0.89 0.90 0.90 0.90 0.89 1.00 0.89 0.89 
9 Knowing PV 3 -0.01 0.90 0.90 0.90 0.90 0.90 0.90 0.89 1.00 0.90 
10 Knowing PV 4 -0.01 0.89 0.90 0.89 0.90 0.90 0.90 0.89 0.90 1.00 
11 Knowing PV 5 0.01 0.89 0.89 0.90 0.89 0.90 0.90 0.89 0.89 0.90 
12 Applying PV 1 -0.04 0.90 0.90 0.90 0.90 0.90 0.97 0.88 0.88 0.89 
13 Applying PV 2 -0.04 0.90 0.90 0.90 0.90 0.90 0.89 0.97 0.89 0.89 
14 Applying PV 3 -0.04 0.90 0.90 0.90 0.90 0.90 0.89 0.89 0.97 0.89 
15 Applying PV 4 -0.05 0.90 0.90 0.90 0.90 0.90 0.89 0.88 0.89 0.97 
16 Applying PV 5 -0.03 0.90 0.90 0.90 0.90 0.90 0.89 0.89 0.88 0.89 
17 Reasoning PV 1 -0.03 0.87 0.88 0.88 0.87 0.87 0.93 0.86 0.86 0.86 
18 Reasoning PV 2 -0.04 0.87 0.87 0.87 0.87 0.87 0.86 0.93 0.86 0.86 
19 Reasoning PV 3 -0.03 0.87 0.87 0.87 0.87 0.87 0.86 0.86 0.93 0.86 
20 Reasoning PV 4 -0.03 0.87 0.87 0.87 0.87 0.87 0.86 0.86 0.86 0.93 
21 Reasoning PV 5 -0.03 0.88 0.88 0.88 0.88 0.88 0.87 0.86 0.86 0.86 
22 Home educational resources 0.01 0.41 0.41 0.40 0.40 0.41 0.41 0.40 0.40 0.41 
23 Students like mathematics -0.05 0.23 0.23 0.23 0.22 0.23 0.24 0.23 0.24 0.24 
24 Female teacher 0.01 -0.01 -0.01 -0.01 -0.01 -0.01 0.00 -0.01 -0.01 -0.01 
25 Advanced degree 0.01 -0.01 -0.01 -0.01 0.00 0.00 0.00 0.00 0.00 0.00 
26 Mathematics major 0.00 0.03 0.04 0.04 0.03 0.03 0.03 0.03 0.03 0.03 
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27 Mathematics education major 0.02 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 
28 Mathematics content PD 0.01 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 
29 Mathematics pedagogy PD 0.01 -0.04 -0.04 -0.03 -0.04 -0.04 -0.03 -0.03 -0.04 -0.03 
30 School SES 11-25 percent -0.01 0.19 0.18 0.19 0.19 0.19 0.19 0.18 0.18 0.18 
31 School SES 26-50 percent 0.00 -0.02 -0.01 -0.02 -0.02 -0.01 -0.01 -0.01 -0.02 -0.02 
32 School SES 50 or more percent 0.00 -0.28 -0.28 -0.28 -0.27 -0.28 -0.27 -0.27 -0.27 -0.27 
33 Class size -0.03 0.07 0.06 0.06 0.06 0.07 0.07 0.07 0.07 0.07 
34 Problems with working conditions 0.00 0.05 0.04 0.05 0.05 0.05 0.05 0.05 0.05 0.05 
35 Safe and orderly school 0.00 0.21 0.20 0.20 0.20 0.20 0.20 0.20 0.20 0.19 
36 School size -0.02 0.01 0.01 0.00 0.00 0.00 0.00 0.01 0.00 0.01 
37 Mathematics resource shortages -0.01 0.04 0.04 0.05 0.05 0.05 0.05 0.05 0.05 0.05 
38 School achievement 0.02 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.76 0.77 
39 New teacher (5 or fewer years) 0.00 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 
40 Mathematics major*New teacher -0.01 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.05 -0.05 
41 Mathematics education major*New teacher -0.01 -0.01 0.00 0.00 -0.01 0.00 -0.01 0.00 -0.01 -0.01 
42 Mathematics content PD*New teacher 0.00 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 
43 Mathematics pedagogy PD*New teacher 0.00 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.03 -0.04 -0.04 
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11 12 13 14 15 16 17 18 19 20 
1 Female student 0.01 -0.04 -0.04 -0.04 -0.05 -0.03 -0.03 -0.04 -0.03 -0.03 
2 Overall PV 1 0.89 0.90 0.90 0.90 0.90 0.90 0.87 0.87 0.87 0.87 
3 Overall PV 2 0.89 0.90 0.90 0.90 0.90 0.90 0.88 0.87 0.87 0.87 
4 Overall PV 3 0.90 0.90 0.90 0.90 0.90 0.90 0.88 0.87 0.87 0.87 
5 Overall PV 4 0.89 0.90 0.90 0.90 0.90 0.90 0.87 0.87 0.87 0.87 
6 Overall PV 5 0.90 0.90 0.90 0.90 0.90 0.90 0.87 0.87 0.87 0.87 
7 Knowing PV 1 0.90 0.97 0.89 0.89 0.89 0.89 0.93 0.86 0.86 0.86 
8 Knowing PV 2 0.89 0.88 0.97 0.89 0.88 0.89 0.86 0.93 0.86 0.86 
9 Knowing PV 3 0.89 0.88 0.89 0.97 0.89 0.88 0.86 0.86 0.93 0.86 
10 Knowing PV 4 0.90 0.89 0.89 0.89 0.97 0.89 0.86 0.86 0.86 0.93 
11 Knowing PV 5 1.00 0.88 0.88 0.88 0.88 0.97 0.85 0.86 0.86 0.86 
12 Applying PV 1 0.88 1.00 0.90 0.90 0.90 0.90 0.94 0.86 0.86 0.86 
13 Applying PV 2 0.88 0.90 1.00 0.90 0.90 0.90 0.87 0.94 0.86 0.86 
14 Applying PV 3 0.88 0.90 0.90 1.00 0.90 0.90 0.87 0.87 0.94 0.86 
15 Applying PV 4 0.88 0.90 0.90 0.90 1.00 0.90 0.87 0.87 0.86 0.94 
16 Applying PV 5 0.97 0.90 0.90 0.90 0.90 1.00 0.87 0.87 0.86 0.87 
17 Reasoning PV 1 0.85 0.94 0.87 0.87 0.87 0.87 1.00 0.86 0.86 0.86 
18 Reasoning PV 2 0.86 0.86 0.94 0.87 0.87 0.87 0.86 1.00 0.86 0.86 
19 Reasoning PV 3 0.86 0.86 0.86 0.94 0.86 0.86 0.86 0.86 1.00 0.86 
20 Reasoning PV 4 0.86 0.86 0.86 0.86 0.94 0.87 0.86 0.86 0.86 1.00 
21 Reasoning PV 5 0.94 0.87 0.87 0.87 0.87 0.94 0.86 0.86 0.86 0.86 
22 Home educational resources 0.40 0.41 0.41 0.41 0.41 0.41 0.38 0.39 0.38 0.39 
23 Students like mathematics 0.24 0.21 0.20 0.20 0.20 0.22 0.23 0.24 0.25 0.24 
24 Female teacher -0.01 0.00 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 
25 Advanced degree 0.00 -0.01 -0.01 0.00 0.00 -0.01 -0.01 0.00 -0.01 0.00 
26 Mathematics major 0.03 0.04 0.03 0.04 0.03 0.03 0.03 0.03 0.04 0.03 
27 Mathematics education major 0.08 0.08 0.08 0.08 0.07 0.09 0.08 0.08 0.08 0.07 
28 Mathematics content PD -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.05 -0.05 -0.05 -0.06 
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29 Mathematics pedagogy PD -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.03 -0.03 -0.04 -0.03 
30 School SES 11-25 percent 0.18 0.19 0.19 0.19 0.19 0.19 0.18 0.17 0.18 0.17 
31 School SES 26-50 percent -0.02 -0.01 -0.01 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01 -0.01 
32 School SES 50 or more percent -0.27 -0.28 -0.29 -0.29 -0.29 -0.29 -0.26 -0.25 -0.26 -0.26 
33 Class size 0.06 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.06 
34 Problems with working conditions 0.05 0.04 0.04 0.05 0.05 0.05 0.04 0.04 0.04 0.05 
35 Safe and orderly school 0.20 0.21 0.21 0.21 0.21 0.21 0.19 0.19 0.19 0.19 
36 School size 0.00 0.01 0.01 0.00 0.01 0.01 0.00 0.01 0.01 0.01 
37 Mathematics resource shortages 0.05 0.05 0.05 0.04 0.05 0.05 0.05 0.05 0.04 0.05 
38 School achievement 0.77 0.77 0.78 0.78 0.78 0.77 0.73 0.73 0.73 0.73 
39 New teacher (5 or fewer years) -0.07 -0.06 -0.06 -0.07 -0.06 -0.06 -0.05 -0.05 -0.05 -0.06 
40 Mathematics major*New teacher -0.05 -0.04 -0.04 -0.05 -0.05 -0.05 -0.03 -0.04 -0.04 -0.04 
41 Mathematics education major*New teacher -0.01 -0.01 0.00 -0.01 -0.01 -0.01 0.00 0.00 0.00 -0.02 
42 Mathematics content PD*New teacher -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.06 -0.06 -0.06 -0.07 
43 Mathematics pedagogy PD*New teacher -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.03 -0.03 -0.03 -0.04 
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21 22 23 24 25 26 27 28 29 30 
1 Female student -0.03 0.01 -0.05 0.01 0.01 0.00 0.02 0.01 0.01 -0.01 
2 Overall PV 1 0.88 0.41 0.23 -0.01 -0.01 0.03 0.08 -0.06 -0.04 0.19 
3 Overall PV 2 0.88 0.41 0.23 -0.01 -0.01 0.04 0.08 -0.06 -0.04 0.18 
4 Overall PV 3 0.88 0.40 0.23 -0.01 -0.01 0.04 0.08 -0.06 -0.03 0.19 
5 Overall PV 4 0.88 0.40 0.22 -0.01 0.00 0.03 0.08 -0.06 -0.04 0.19 
6 Overall PV 5 0.88 0.41 0.23 -0.01 0.00 0.03 0.08 -0.06 -0.04 0.19 
7 Knowing PV 1 0.87 0.41 0.24 0.00 0.00 0.03 0.08 -0.06 -0.03 0.19 
8 Knowing PV 2 0.86 0.40 0.23 -0.01 0.00 0.03 0.08 -0.06 -0.03 0.18 
9 Knowing PV 3 0.86 0.40 0.24 -0.01 0.00 0.03 0.08 -0.06 -0.04 0.18 
10 Knowing PV 4 0.86 0.41 0.24 -0.01 0.00 0.03 0.08 -0.06 -0.03 0.18 
11 Knowing PV 5 0.94 0.40 0.24 -0.01 0.00 0.03 0.08 -0.06 -0.04 0.18 
12 Applying PV 1 0.87 0.41 0.21 0.00 -0.01 0.04 0.08 -0.06 -0.04 0.19 
13 Applying PV 2 0.87 0.41 0.20 -0.01 -0.01 0.03 0.08 -0.06 -0.04 0.19 
14 Applying PV 3 0.87 0.41 0.20 -0.01 0.00 0.04 0.08 -0.06 -0.04 0.19 
15 Applying PV 4 0.87 0.41 0.20 -0.01 0.00 0.03 0.07 -0.06 -0.04 0.19 
16 Applying PV 5 0.94 0.41 0.22 -0.01 -0.01 0.03 0.09 -0.06 -0.04 0.19 
17 Reasoning PV 1 0.86 0.38 0.23 -0.01 -0.01 0.03 0.08 -0.05 -0.03 0.18 
18 Reasoning PV 2 0.86 0.39 0.24 -0.01 0.00 0.03 0.08 -0.05 -0.03 0.17 
19 Reasoning PV 3 0.86 0.38 0.25 -0.01 -0.01 0.04 0.08 -0.05 -0.04 0.18 
20 Reasoning PV 4 0.86 0.39 0.24 -0.01 0.00 0.03 0.07 -0.06 -0.03 0.17 
21 Reasoning PV 5 1.00 0.39 0.24 -0.01 -0.01 0.03 0.08 -0.06 -0.03 0.18 
22 Home educational resources 0.39 1.00 0.06 -0.01 0.02 0.03 0.08 -0.08 -0.07 0.17 
23 Students like mathematics 0.24 0.06 1.00 -0.03 -0.02 0.01 0.06 -0.01 0.00 0.02 
24 Female teacher -0.01 -0.01 -0.03 1.00 -0.05 0.01 0.07 0.10 0.07 -0.08 
25 Advanced degree -0.01 0.02 -0.02 -0.05 1.00 0.00 -0.07 -0.05 0.04 0.04 
26 Mathematics major 0.03 0.03 0.01 0.01 0.00 1.00 0.20 0.09 0.05 0.02 
27 Mathematics education major 0.08 0.08 0.06 0.07 -0.07 0.20 1.00 0.02 -0.08 0.11 
28 Mathematics content PD -0.06 -0.08 -0.01 0.10 -0.05 0.09 0.02 1.00 0.46 -0.03 
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29 Mathematics pedagogy PD -0.03 -0.07 0.00 0.07 0.04 0.05 -0.08 0.46 1.00 -0.17 
30 School SES 11-25 percent 0.18 0.17 0.02 -0.08 0.04 0.02 0.11 -0.03 -0.17 1.00 
31 School SES 26-50 percent -0.02 0.01 -0.05 0.05 -0.06 0.03 0.02 -0.01 -0.02 -0.26 
32 School SES 50 or more percent -0.26 -0.33 0.06 0.00 -0.01 -0.05 -0.09 0.11 0.14 -0.38 
33 Class size 0.07 0.03 0.02 -0.15 0.01 -0.02 0.02 -0.02 0.02 0.14 
34 Problems with working conditions 0.05 0.03 -0.01 0.02 -0.01 -0.03 -0.07 0.06 0.05 0.07 
35 Safe and orderly school 0.19 0.23 -0.01 -0.02 0.08 0.03 0.03 -0.01 0.00 0.19 
36 School size 0.00 -0.02 -0.02 0.03 0.07 -0.06 -0.04 0.02 0.09 0.06 
37 Mathematics resource shortages 0.04 0.02 0.00 0.04 0.03 0.04 0.00 0.01 0.00 0.00 
38 School achievement 0.74 0.43 0.10 0.00 -0.01 0.04 0.10 -0.09 -0.06 0.24 
39 New teacher (5 or fewer years) -0.06 -0.06 0.01 -0.01 -0.21 0.01 -0.03 0.00 0.03 -0.03 
40 Mathematics major*New teacher -0.04 -0.04 0.02 0.01 -0.15 0.38 0.06 0.02 0.03 -0.02 
41 Mathematics education major*New teacher -0.01 0.00 0.03 0.04 -0.21 0.08 0.33 0.04 0.03 -0.01 
42 Mathematics content PD*New teacher -0.07 -0.08 0.02 0.04 -0.21 0.03 0.01 0.27 0.13 -0.01 
43 Mathematics pedagogy PD*New teacher -0.04 -0.05 0.01 0.04 -0.16 0.02 -0.02 0.10 0.28 -0.06 
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31 32 33 34 35 36 37 38 39 40 
1 Female student 0.00 0.00 -0.03 0.00 0.00 -0.02 -0.01 0.02 0.00 -0.01 
2 Overall PV 1 -0.02 -0.28 0.07 0.05 0.21 0.01 0.04 0.77 -0.06 -0.04 
3 Overall PV 2 -0.01 -0.28 0.06 0.04 0.20 0.01 0.04 0.77 -0.06 -0.04 
4 Overall PV 3 -0.02 -0.28 0.06 0.05 0.20 0.00 0.05 0.77 -0.06 -0.04 
5 Overall PV 4 -0.02 -0.27 0.06 0.05 0.20 0.00 0.05 0.77 -0.06 -0.04 
6 Overall PV 5 -0.01 -0.28 0.07 0.05 0.20 0.00 0.05 0.77 -0.06 -0.04 
7 Knowing PV 1 -0.01 -0.27 0.07 0.05 0.20 0.00 0.05 0.77 -0.06 -0.04 
8 Knowing PV 2 -0.01 -0.27 0.07 0.05 0.20 0.01 0.05 0.77 -0.06 -0.04 
9 Knowing PV 3 -0.02 -0.27 0.07 0.05 0.20 0.00 0.05 0.76 -0.06 -0.05 
10 Knowing PV 4 -0.02 -0.27 0.07 0.05 0.19 0.01 0.05 0.77 -0.06 -0.05 
11 Knowing PV 5 -0.02 -0.27 0.06 0.05 0.20 0.00 0.05 0.77 -0.07 -0.05 
12 Applying PV 1 -0.01 -0.28 0.07 0.04 0.21 0.01 0.05 0.77 -0.06 -0.04 
13 Applying PV 2 -0.01 -0.29 0.07 0.04 0.21 0.01 0.05 0.78 -0.06 -0.04 
14 Applying PV 3 -0.01 -0.29 0.07 0.05 0.21 0.00 0.04 0.78 -0.07 -0.05 
15 Applying PV 4 -0.02 -0.29 0.07 0.05 0.21 0.01 0.05 0.78 -0.06 -0.05 
16 Applying PV 5 -0.01 -0.29 0.07 0.05 0.21 0.01 0.05 0.77 -0.06 -0.05 
17 Reasoning PV 1 -0.01 -0.26 0.07 0.04 0.19 0.00 0.05 0.73 -0.05 -0.03 
18 Reasoning PV 2 -0.01 -0.25 0.07 0.04 0.19 0.01 0.05 0.73 -0.05 -0.04 
19 Reasoning PV 3 -0.01 -0.26 0.07 0.04 0.19 0.01 0.04 0.73 -0.05 -0.04 
20 Reasoning PV 4 -0.01 -0.26 0.06 0.05 0.19 0.01 0.05 0.73 -0.06 -0.04 
21 Reasoning PV 5 -0.02 -0.26 0.07 0.05 0.19 0.00 0.04 0.74 -0.06 -0.04 
22 Home educational resources 0.01 -0.33 0.03 0.03 0.23 -0.02 0.02 0.43 -0.06 -0.04 
23 Students like mathematics -0.05 0.06 0.02 -0.01 -0.01 -0.02 0.00 0.10 0.01 0.02 
24 Female teacher 0.05 0.00 -0.15 0.02 -0.02 0.03 0.04 0.00 -0.01 0.01 
25 Advanced degree -0.06 -0.01 0.01 -0.01 0.08 0.07 0.03 -0.01 -0.21 -0.15 
26 Mathematics major 0.03 -0.05 -0.02 -0.03 0.03 -0.06 0.04 0.04 0.01 0.38 
27 Mathematics education major 0.02 -0.09 0.02 -0.07 0.03 -0.04 0.00 0.10 -0.03 0.06 
28 Mathematics content PD -0.01 0.11 -0.02 0.06 -0.01 0.02 0.01 -0.09 0.00 0.02 
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29 Mathematics pedagogy PD -0.02 0.14 0.02 0.05 0.00 0.09 0.00 -0.06 0.03 0.03 
30 School SES 11-25 percent -0.26 -0.38 0.14 0.07 0.19 0.06 0.00 0.24 -0.03 -0.02 
31 School SES 26-50 percent 1.00 -0.47 -0.06 -0.07 0.04 -0.04 -0.03 -0.02 -0.07 0.00 
32 School SES 50 or more percent -0.47 1.00 -0.03 -0.04 -0.42 -0.02 -0.03 -0.36 0.12 0.07 
33 Class size -0.06 -0.03 1.00 -0.09 0.01 0.23 -0.05 0.08 0.01 0.03 
34 Problems with working conditions -0.07 -0.04 -0.09 1.00 0.24 0.01 0.10 0.06 0.07 -0.01 
35 Safe and orderly school 0.04 -0.42 0.01 0.24 1.00 -0.04 0.02 0.27 -0.10 -0.05 
36 School size -0.04 -0.02 0.23 0.01 -0.04 1.00 0.15 0.01 0.12 0.00 
37 Mathematics resource shortages -0.03 -0.03 -0.05 0.10 0.02 0.15 1.00 0.06 0.04 0.03 
38 School achievement -0.02 -0.36 0.08 0.06 0.27 0.01 0.06 1.00 -0.08 -0.05 
39 New teacher (5 or fewer years) -0.07 0.12 0.01 0.07 -0.10 0.12 0.04 -0.08 1.00 0.63 
40 Mathematics major*New teacher 0.00 0.07 0.03 -0.01 -0.05 0.00 0.03 -0.05 0.63 1.00 
41 Mathematics education major*New teacher -0.03 0.05 -0.01 0.01 -0.04 0.05 -0.01 0.00 0.67 0.54 
42 Mathematics content PD*New teacher -0.05 0.13 0.05 0.07 -0.08 0.11 0.02 -0.09 0.82 0.54 
43 Mathematics pedagogy PD*New teacher -0.05 0.13 0.03 0.08 -0.07 0.17 0.01 -0.05 0.84 0.54 
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41 42 43 
1 Female student -0.01 0.00 0.00 
2 Overall PV 1 -0.01 -0.07 -0.04 
3 Overall PV 2 0.00 -0.07 -0.04 
4 Overall PV 3 0.00 -0.07 -0.04 
5 Overall PV 4 -0.01 -0.07 -0.04 
6 Overall PV 5 0.00 -0.07 -0.04 
7 Knowing PV 1 -0.01 -0.07 -0.04 
8 Knowing PV 2 0.00 -0.07 -0.03 
9 Knowing PV 3 -0.01 -0.07 -0.04 
10 Knowing PV 4 -0.01 -0.07 -0.04 
11 Knowing PV 5 -0.01 -0.07 -0.04 
12 Applying PV 1 -0.01 -0.07 -0.04 
13 Applying PV 2 0.00 -0.07 -0.04 
14 Applying PV 3 -0.01 -0.07 -0.04 
15 Applying PV 4 -0.01 -0.07 -0.04 
16 Applying PV 5 -0.01 -0.07 -0.04 
17 Reasoning PV 1 0.00 -0.06 -0.03 
18 Reasoning PV 2 0.00 -0.06 -0.03 
19 Reasoning PV 3 0.00 -0.06 -0.03 
20 Reasoning PV 4 -0.02 -0.07 -0.04 
21 Reasoning PV 5 -0.01 -0.07 -0.04 
22 Home educational resources 0.00 -0.08 -0.05 
23 Students like mathematics 0.03 0.02 0.01 
24 Female teacher 0.04 0.04 0.04 
25 Advanced degree -0.21 -0.21 -0.16 
26 Mathematics major 0.08 0.03 0.02 
27 Mathematics education major 0.33 0.01 -0.02 
28 Mathematics content PD 0.04 0.27 0.10 
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29 Mathematics pedagogy PD 0.03 0.13 0.28 
30 School SES 11-25 percent -0.01 -0.01 -0.06 
31 School SES 26-50 percent -0.03 -0.05 -0.05 
32 School SES 50 or more percent 0.05 0.13 0.13 
33 Class size -0.01 0.05 0.03 
34 Problems with working conditions 0.01 0.07 0.08 
35 Safe and orderly school -0.04 -0.08 -0.07 
36 School size 0.05 0.11 0.17 
37 Mathematics resource shortages -0.01 0.02 0.01 
38 School achievement 0.00 -0.09 -0.05 
39 New teacher (5 or fewer years) 0.67 0.82 0.84 
40 Mathematics major*New teacher 0.54 0.54 0.54 
41 Mathematics education major*New teacher 1.00 0.60 0.57 
42 Mathematics content PD*New teacher 0.60 1.00 0.80 
43 Mathematics pedagogy PD*New teacher 0.57 0.80 1.00 
PV = plausible value. PD = professional development. SES = socioeconomic status. 
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Table G4 
Correlations for Eighth Grade Science 
  
1 2 3 4 5 6 7 8 9 10 
1 Female student 1.00 -0.06 -0.07 -0.07 -0.07 -0.07 -0.11 -0.09 -0.12 -0.10 
2 Overall PV 1 -0.06 1.00 0.89 0.89 0.89 0.89 0.86 0.86 0.86 0.86 
3 Overall PV 2 -0.07 0.89 1.00 0.89 0.89 0.89 0.86 0.86 0.86 0.86 
4 Overall PV 3 -0.07 0.89 0.89 1.00 0.89 0.89 0.86 0.86 0.86 0.86 
5 Overall PV 4 -0.07 0.89 0.89 0.89 1.00 0.89 0.86 0.86 0.86 0.85 
6 Overall PV 5 -0.07 0.89 0.89 0.89 0.89 1.00 0.86 0.86 0.86 0.86 
7 Knowing PV 1 -0.11 0.86 0.86 0.86 0.86 0.86 1.00 0.86 0.86 0.86 
8 Knowing PV 2 -0.09 0.86 0.86 0.86 0.86 0.86 0.86 1.00 0.86 0.85 
9 Knowing PV 3 -0.12 0.86 0.86 0.86 0.86 0.86 0.86 0.86 1.00 0.85 
10 Knowing PV 4 -0.10 0.86 0.86 0.86 0.85 0.86 0.86 0.85 0.85 1.00 
11 Knowing PV 5 -0.09 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.85 0.85 
12 Applying PV 1 -0.06 0.87 0.87 0.87 0.87 0.87 0.95 0.85 0.85 0.85 
13 Applying PV 2 -0.07 0.87 0.86 0.87 0.86 0.87 0.84 0.95 0.85 0.84 
14 Applying PV 3 -0.07 0.87 0.87 0.87 0.87 0.87 0.85 0.85 0.96 0.84 
15 Applying PV 4 -0.06 0.87 0.87 0.87 0.86 0.87 0.85 0.85 0.84 0.95 
16 Applying PV 5 -0.07 0.86 0.87 0.87 0.87 0.86 0.84 0.84 0.84 0.84 
17 Reasoning PV 1 -0.02 0.87 0.86 0.87 0.86 0.87 0.94 0.84 0.84 0.84 
18 Reasoning PV 2 -0.04 0.87 0.86 0.87 0.86 0.87 0.84 0.95 0.84 0.84 
19 Reasoning PV 3 -0.02 0.86 0.86 0.87 0.86 0.86 0.84 0.84 0.94 0.84 
20 Reasoning PV 4 -0.04 0.87 0.87 0.87 0.86 0.86 0.85 0.84 0.84 0.95 
21 Reasoning PV 5 -0.01 0.87 0.86 0.86 0.86 0.86 0.84 0.84 0.83 0.84 
22 Home educational resources 0.01 0.45 0.44 0.44 0.44 0.44 0.44 0.45 0.45 0.44 
23 Students like science -0.09 0.27 0.27 0.28 0.27 0.26 0.26 0.27 0.27 0.25 
24 Female teacher 0.02 0.14 0.13 0.14 0.13 0.14 0.13 0.13 0.13 0.13 
25 Advanced degree 0.00 0.07 0.08 0.08 0.07 0.07 0.08 0.08 0.08 0.07 
26 Biology major -0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 
27 Physics major 0.00 -0.04 -0.03 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.03 
28 Chemistry major 0.01 0.01 0.02 0.01 0.01 0.01 0.01 0.01 0.01 0.01 
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29 Earth science major 0.00 0.07 0.07 0.07 0.07 0.07 0.08 0.07 0.08 0.07 
30 Science education major 0.00 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 
31 Science content PD -0.02 0.03 0.03 0.03 0.03 0.03 0.04 0.03 0.03 0.03 
32 Science pedagogy PD 0.00 -0.01 -0.01 -0.01 0.00 -0.01 0.00 -0.01 -0.01 -0.01 
33 School SES 11-25 percent -0.02 0.18 0.18 0.18 0.18 0.18 0.19 0.19 0.19 0.19 
34 School SES 26-50 percent 0.00 0.01 0.02 0.02 0.01 0.02 0.02 0.03 0.03 0.02 
35 School SES 50 or more percent 0.00 -0.31 -0.31 -0.32 -0.31 -0.31 -0.31 -0.33 -0.32 -0.32 
36 Class size 0.00 0.07 0.07 0.07 0.07 0.08 0.08 0.07 0.07 0.07 
37 Biology emphasis -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 
38 Chemistry emphasis -0.01 -0.02 -0.01 -0.01 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01 
39 Physics emphasis 0.00 -0.06 -0.06 -0.06 -0.06 -0.06 -0.05 -0.05 -0.06 -0.05 
40 Earth science emphasis 0.02 0.07 0.07 0.07 0.07 0.07 0.07 0.06 0.07 0.06 
41 Problems with working conditions 0.00 0.17 0.16 0.17 0.16 0.16 0.16 0.17 0.16 0.17 
42 Safe and orderly school 0.00 0.29 0.28 0.29 0.28 0.28 0.27 0.29 0.28 0.28 
43 School size -0.03 -0.01 -0.01 -0.02 -0.01 -0.02 -0.01 -0.01 -0.02 -0.01 
44 Science resource shortages -0.01 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.06 0.08 
45 School achievement 0.02 0.71 0.70 0.70 0.70 0.70 0.69 0.70 0.68 0.69 
46 Any science major 0.00 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.02 
47 New teacher (5 or fewer years) 0.02 -0.13 -0.12 -0.12 -0.12 -0.13 -0.13 -0.12 -0.12 -0.12 
48 Biology major*New teacher 0.01 -0.09 -0.09 -0.09 -0.09 -0.09 -0.08 -0.08 -0.07 -0.09 
49 Physics major*New teacher 0.01 -0.05 -0.05 -0.05 -0.05 -0.06 -0.05 -0.05 -0.05 -0.06 
50 Chemistry major*New teacher 0.01 -0.08 -0.08 -0.08 -0.08 -0.09 -0.08 -0.07 -0.07 -0.08 
51 Earth science major*New teacher 0.01 -0.03 -0.03 -0.02 -0.02 -0.03 -0.02 -0.03 -0.02 -0.02 
52 Science education major*New teacher 0.03 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.05 -0.06 
53 Science content PD*New teacher 0.01 -0.13 -0.13 -0.12 -0.12 -0.14 -0.13 -0.12 -0.12 -0.12 
54 Science pedagogy PD*New teacher 0.02 -0.13 -0.13 -0.13 -0.13 -0.14 -0.14 -0.13 -0.13 -0.13 
55 Any science major*New teacher 0.02 -0.10 -0.10 -0.10 -0.10 -0.11 -0.10 -0.10 -0.09 -0.10 
56 Biology major*Biology emphasis 0.00 -0.01 -0.01 -0.01 -0.01 -0.02 -0.01 -0.01 -0.02 -0.01 
57 Physics major*Physics emphasis -0.01 0.01 0.01 0.02 0.02 0.02 0.01 0.02 0.02 0.01 
58 Chemistry major*Chemistry emphasis 0.01 -0.01 -0.01 0.00 -0.01 -0.01 -0.01 0.00 -0.01 -0.01 
59 Earth science major*Earth science emphasis 0.01 0.01 0.00 0.01 0.01 0.01 0.01 0.00 0.01 0.01 
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11 12 13 14 15 16 17 18 19 20 
1 Female student -0.09 -0.06 -0.07 -0.07 -0.06 -0.07 -0.02 -0.04 -0.02 -0.04 
2 Overall PV 1 0.86 0.87 0.87 0.87 0.87 0.86 0.87 0.87 0.86 0.87 
3 Overall PV 2 0.86 0.87 0.86 0.87 0.87 0.87 0.86 0.86 0.86 0.87 
4 Overall PV 3 0.86 0.87 0.87 0.87 0.87 0.87 0.87 0.87 0.87 0.87 
5 Overall PV 4 0.86 0.87 0.86 0.87 0.86 0.87 0.86 0.86 0.86 0.86 
6 Overall PV 5 0.86 0.87 0.87 0.87 0.87 0.86 0.87 0.87 0.86 0.86 
7 Knowing PV 1 0.86 0.95 0.84 0.85 0.85 0.84 0.94 0.84 0.84 0.85 
8 Knowing PV 2 0.86 0.85 0.95 0.85 0.85 0.84 0.84 0.95 0.84 0.84 
9 Knowing PV 3 0.85 0.85 0.85 0.96 0.84 0.84 0.84 0.84 0.94 0.84 
10 Knowing PV 4 0.85 0.85 0.84 0.84 0.95 0.84 0.84 0.84 0.84 0.95 
11 Knowing PV 5 1.00 0.85 0.84 0.84 0.84 0.95 0.84 0.84 0.84 0.84 
12 Applying PV 1 0.85 1.00 0.86 0.87 0.87 0.86 0.96 0.85 0.85 0.85 
13 Applying PV 2 0.84 0.86 1.00 0.87 0.86 0.86 0.85 0.96 0.85 0.85 
14 Applying PV 3 0.84 0.87 0.87 1.00 0.87 0.86 0.85 0.85 0.96 0.85 
15 Applying PV 4 0.84 0.87 0.86 0.87 1.00 0.86 0.85 0.85 0.85 0.96 
16 Applying PV 5 0.95 0.86 0.86 0.86 0.86 1.00 0.85 0.85 0.84 0.85 
17 Reasoning PV 1 0.84 0.96 0.85 0.85 0.85 0.85 1.00 0.86 0.87 0.87 
18 Reasoning PV 2 0.84 0.85 0.96 0.85 0.85 0.85 0.86 1.00 0.87 0.87 
19 Reasoning PV 3 0.84 0.85 0.85 0.96 0.85 0.84 0.87 0.87 1.00 0.86 
20 Reasoning PV 4 0.84 0.85 0.85 0.85 0.96 0.85 0.87 0.87 0.86 1.00 
21 Reasoning PV 5 0.95 0.85 0.85 0.85 0.85 0.96 0.86 0.86 0.86 0.86 
22 Home educational resources 0.43 0.43 0.44 0.44 0.42 0.44 0.44 0.44 0.42 0.45 
23 Students like science 0.25 0.26 0.27 0.28 0.28 0.27 0.26 0.25 0.25 0.26 
24 Female teacher 0.13 0.13 0.13 0.13 0.13 0.14 0.14 0.14 0.14 0.14 
25 Advanced degree 0.07 0.08 0.07 0.08 0.08 0.06 0.08 0.08 0.08 0.08 
26 Biology major 0.00 0.00 0.01 0.01 0.00 0.00 0.00 0.01 0.01 0.00 
27 Physics major -0.03 -0.03 -0.04 -0.03 -0.03 -0.03 -0.04 -0.03 -0.03 -0.04 
28 Chemistry major 0.02 0.01 0.02 0.02 0.02 0.02 0.01 0.01 0.02 0.01 
29 Earth science major 0.07 0.08 0.07 0.08 0.07 0.07 0.07 0.07 0.07 0.07 
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30 Science education major 0.05 0.05 0.06 0.05 0.05 0.05 0.05 0.05 0.05 0.05 
31 Science content PD 0.04 0.02 0.02 0.02 0.03 0.03 0.02 0.02 0.02 0.03 
32 Science pedagogy PD 0.00 -0.01 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 
33 School SES 11-25 percent 0.18 0.19 0.19 0.18 0.19 0.18 0.19 0.19 0.19 0.20 
34 School SES 26-50 percent 0.02 0.02 0.03 0.03 0.02 0.02 0.01 0.02 0.03 0.01 
35 School SES 50 or more percent -0.31 -0.31 -0.33 -0.32 -0.32 -0.32 -0.31 -0.33 -0.32 -0.32 
36 Class size 0.07 0.08 0.07 0.07 0.08 0.07 0.08 0.08 0.08 0.08 
37 Biology emphasis -0.02 -0.01 -0.01 0.00 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01 
38 Chemistry emphasis -0.01 -0.02 -0.01 -0.02 -0.01 -0.01 -0.02 -0.01 -0.02 -0.01 
39 Physics emphasis -0.05 -0.06 -0.05 -0.06 -0.06 -0.05 -0.06 -0.06 -0.06 -0.05 
40 Earth science emphasis 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.06 
41 Problems with working conditions 0.17 0.17 0.16 0.17 0.17 0.17 0.17 0.17 0.17 0.17 
42 Safe and orderly school 0.28 0.28 0.29 0.29 0.28 0.28 0.28 0.29 0.29 0.29 
43 School size -0.02 -0.01 -0.01 -0.02 -0.01 -0.02 0.00 -0.01 -0.01 0.00 
44 Science resource shortages 0.07 0.07 0.06 0.06 0.07 0.06 0.07 0.06 0.06 0.07 
45 School achievement 0.69 0.69 0.69 0.69 0.70 0.69 0.71 0.72 0.71 0.72 
46 Any science major 0.02 0.02 0.02 0.03 0.02 0.02 0.02 0.02 0.02 0.02 
47 New teacher (5 or fewer years) -0.12 -0.13 -0.12 -0.12 -0.13 -0.13 -0.13 -0.13 -0.12 -0.13 
48 Biology major*New teacher -0.09 -0.09 -0.08 -0.08 -0.09 -0.09 -0.08 -0.08 -0.08 -0.09 
49 Physics major*New teacher -0.05 -0.05 -0.05 -0.04 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05 
50 Chemistry major*New teacher -0.08 -0.08 -0.07 -0.07 -0.08 -0.08 -0.07 -0.08 -0.07 -0.08 
51 Earth science major*New teacher -0.03 -0.02 -0.03 -0.02 -0.02 -0.03 -0.03 -0.04 -0.03 -0.03 
52 Science education major*New teacher -0.06 -0.06 -0.05 -0.05 -0.06 -0.06 -0.06 -0.06 -0.05 -0.06 
53 Science content PD*New teacher -0.12 -0.13 -0.12 -0.12 -0.13 -0.13 -0.13 -0.13 -0.13 -0.13 
54 Science pedagogy PD*New teacher -0.13 -0.14 -0.13 -0.13 -0.14 -0.13 -0.14 -0.14 -0.13 -0.14 
55 Any science major*New teacher -0.10 -0.10 -0.09 -0.09 -0.10 -0.10 -0.10 -0.10 -0.09 -0.11 
56 Biology major*Biology emphasis -0.02 -0.01 -0.01 -0.01 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01 
57 Physics major*Physics emphasis 0.02 0.02 0.01 0.01 0.02 0.02 0.01 0.02 0.01 0.01 
58 Chemistry major*Chemistry emphasis 0.00 -0.01 0.00 0.00 -0.01 0.00 -0.01 0.00 0.00 -0.01 
59 Earth science major*Earth science emphasis 0.02 0.00 0.00 0.01 0.00 0.01 0.00 0.00 0.00 0.00 
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21 22 23 24 25 26 27 28 29 30 
1 Female student -0.01 0.01 -0.09 0.02 0.00 -0.01 0.00 0.01 0.00 0.00 
2 Overall PV 1 0.87 0.45 0.27 0.14 0.07 0.00 -0.04 0.01 0.07 0.05 
3 Overall PV 2 0.86 0.44 0.27 0.13 0.08 0.00 -0.03 0.02 0.07 0.05 
4 Overall PV 3 0.86 0.44 0.28 0.14 0.08 0.00 -0.04 0.01 0.07 0.05 
5 Overall PV 4 0.86 0.44 0.27 0.13 0.07 0.00 -0.04 0.01 0.07 0.05 
6 Overall PV 5 0.86 0.44 0.26 0.14 0.07 0.00 -0.04 0.01 0.07 0.05 
7 Knowing PV 1 0.84 0.44 0.26 0.13 0.08 0.00 -0.04 0.01 0.08 0.05 
8 Knowing PV 2 0.84 0.45 0.27 0.13 0.08 0.01 -0.04 0.01 0.07 0.05 
9 Knowing PV 3 0.83 0.45 0.27 0.13 0.08 0.01 -0.04 0.01 0.08 0.05 
10 Knowing PV 4 0.84 0.44 0.25 0.13 0.07 0.00 -0.03 0.01 0.07 0.05 
11 Knowing PV 5 0.95 0.43 0.25 0.13 0.07 0.00 -0.03 0.02 0.07 0.05 
12 Applying PV 1 0.85 0.43 0.26 0.13 0.08 0.00 -0.03 0.01 0.08 0.05 
13 Applying PV 2 0.85 0.44 0.27 0.13 0.07 0.01 -0.04 0.02 0.07 0.06 
14 Applying PV 3 0.85 0.44 0.28 0.13 0.08 0.01 -0.03 0.02 0.08 0.05 
15 Applying PV 4 0.85 0.42 0.28 0.13 0.08 0.00 -0.03 0.02 0.07 0.05 
16 Applying PV 5 0.96 0.44 0.27 0.14 0.06 0.00 -0.03 0.02 0.07 0.05 
17 Reasoning PV 1 0.86 0.44 0.26 0.14 0.08 0.00 -0.04 0.01 0.07 0.05 
18 Reasoning PV 2 0.86 0.44 0.25 0.14 0.08 0.01 -0.03 0.01 0.07 0.05 
19 Reasoning PV 3 0.86 0.42 0.25 0.14 0.08 0.01 -0.03 0.02 0.07 0.05 
20 Reasoning PV 4 0.86 0.45 0.26 0.14 0.08 0.00 -0.04 0.01 0.07 0.05 
21 Reasoning PV 5 1.00 0.44 0.26 0.14 0.07 0.00 -0.03 0.02 0.07 0.05 
22 Home educational resources 0.44 1.00 0.16 0.09 0.06 -0.01 -0.01 0.00 0.07 0.03 
23 Students like science 0.26 0.16 1.00 0.02 0.05 0.02 -0.02 0.00 0.03 0.03 
24 Female teacher 0.14 0.09 0.02 1.00 -0.02 -0.03 -0.09 -0.02 -0.11 -0.05 
25 Advanced degree 0.07 0.06 0.05 -0.02 1.00 0.16 0.16 0.07 0.05 0.05 
26 Biology major 0.00 -0.01 0.02 -0.03 0.16 1.00 0.19 0.32 -0.03 0.07 
27 Physics major -0.03 -0.01 -0.02 -0.09 0.16 0.19 1.00 0.47 0.18 0.10 
28 Chemistry major 0.02 0.00 0.00 -0.02 0.07 0.32 0.47 1.00 0.06 0.08 
29 Earth science major 0.07 0.07 0.03 -0.11 0.05 -0.03 0.18 0.06 1.00 0.21 
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30 Science education major 0.05 0.03 0.03 -0.05 0.05 0.07 0.10 0.08 0.21 1.00 
31 Science content PD 0.03 0.02 0.02 0.02 -0.01 0.07 0.08 -0.01 0.08 0.19 
32 Science pedagogy PD 0.00 -0.04 0.00 -0.01 0.06 0.04 0.06 0.02 0.04 0.18 
33 School SES 11-25 percent 0.19 0.19 0.02 0.02 0.04 0.12 0.11 0.08 0.07 0.09 
34 School SES 26-50 percent 0.01 0.00 0.00 0.03 0.02 0.03 -0.02 -0.02 -0.03 0.00 
35 School SES 50 or more percent -0.32 -0.34 -0.04 -0.17 -0.11 -0.01 -0.02 -0.03 -0.08 -0.04 
36 Class size 0.08 0.03 0.02 0.04 0.05 0.10 0.04 0.06 -0.02 0.08 
37 Biology emphasis -0.02 0.01 0.01 -0.03 0.14 0.13 0.08 0.01 0.07 0.11 
38 Chemistry emphasis -0.01 -0.01 0.01 0.01 0.02 0.10 0.04 0.08 -0.12 -0.06 
39 Physics emphasis -0.05 -0.03 -0.01 -0.02 0.06 -0.01 0.05 0.05 -0.11 0.06 
40 Earth science emphasis 0.07 0.03 0.00 0.04 -0.16 -0.17 -0.11 -0.07 0.12 -0.09 
41 Problems with working conditions 0.17 0.15 0.02 0.04 -0.05 0.01 0.00 0.02 0.03 0.07 
42 Safe and orderly school 0.29 0.29 0.06 0.09 0.07 0.06 0.04 0.08 0.13 0.07 
43 School size -0.01 -0.02 -0.01 0.01 -0.01 0.11 0.12 0.04 -0.13 -0.01 
44 Science resource shortages 0.06 0.04 0.06 0.00 0.07 0.04 0.01 0.04 0.02 0.05 
45 School achievement 0.72 0.45 0.15 0.19 0.10 0.00 -0.05 0.01 0.10 0.07 
46 Any science major 0.02 0.02 0.03 -0.10 0.15 0.73 0.24 0.39 0.38 0.14 
47 New teacher (5 or fewer years) -0.13 -0.12 -0.02 -0.09 -0.10 -0.01 0.02 0.06 -0.06 -0.05 
48 Biology major*New teacher -0.09 -0.07 -0.03 -0.05 0.00 0.32 0.10 0.18 -0.05 0.00 
49 Physics major*New teacher -0.05 -0.03 -0.02 -0.04 0.09 0.10 0.44 0.21 0.07 -0.01 
50 Chemistry major*New teacher -0.08 -0.07 -0.03 -0.03 0.02 0.16 0.19 0.43 -0.01 0.00 
51 Earth science major*New teacher -0.03 -0.02 0.00 -0.06 -0.03 -0.02 0.11 0.04 0.33 -0.01 
52 Science education major*New teacher -0.06 -0.07 0.00 -0.04 -0.04 0.03 0.02 0.06 -0.03 0.30 
53 Science content PD*New teacher -0.13 -0.11 -0.02 -0.05 -0.08 -0.01 0.05 0.06 -0.05 -0.06 
54 Science pedagogy PD*New teacher -0.14 -0.12 -0.02 -0.03 -0.07 0.00 0.05 0.06 -0.07 -0.06 
55 Any science major*New teacher -0.11 -0.09 -0.03 -0.06 -0.02 0.21 0.10 0.19 0.04 0.03 
56 Biology major*Biology emphasis -0.01 0.01 -0.02 -0.04 0.03 -0.01 0.14 0.10 0.06 -0.05 
57 Physics major*Physics emphasis 0.02 0.00 0.01 0.02 -0.01 -0.06 -0.18 -0.10 -0.09 -0.01 
58 Chemistry major*Chemistry emphasis 0.00 0.00 0.00 -0.01 0.02 0.01 0.01 0.06 -0.03 0.02 
59 Earth science major*Earth science emphasis 0.01 -0.01 0.00 0.00 -0.05 -0.06 -0.08 -0.07 0.09 0.01 
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31 32 33 34 35 36 37 38 39 40 
1 Female student -0.02 0.00 -0.02 0.00 0.00 0.00 -0.01 -0.01 0.00 0.02 
2 Overall PV 1 0.03 -0.01 0.18 0.01 -0.31 0.07 -0.01 -0.02 -0.06 0.07 
3 Overall PV 2 0.03 -0.01 0.18 0.02 -0.31 0.07 -0.01 -0.01 -0.06 0.07 
4 Overall PV 3 0.03 -0.01 0.18 0.02 -0.32 0.07 -0.01 -0.01 -0.06 0.07 
5 Overall PV 4 0.03 0.00 0.18 0.01 -0.31 0.07 -0.01 -0.01 -0.06 0.07 
6 Overall PV 5 0.03 -0.01 0.18 0.02 -0.31 0.08 -0.01 -0.02 -0.06 0.07 
7 Knowing PV 1 0.04 0.00 0.19 0.02 -0.31 0.08 -0.01 -0.01 -0.05 0.07 
8 Knowing PV 2 0.03 -0.01 0.19 0.03 -0.33 0.07 -0.01 -0.01 -0.05 0.06 
9 Knowing PV 3 0.03 -0.01 0.19 0.03 -0.32 0.07 -0.01 -0.01 -0.06 0.07 
10 Knowing PV 4 0.03 -0.01 0.19 0.02 -0.32 0.07 -0.01 -0.01 -0.05 0.06 
11 Knowing PV 5 0.04 0.00 0.18 0.02 -0.31 0.07 -0.02 -0.01 -0.05 0.07 
12 Applying PV 1 0.02 -0.01 0.19 0.02 -0.31 0.08 -0.01 -0.02 -0.06 0.07 
13 Applying PV 2 0.02 -0.01 0.19 0.03 -0.33 0.07 -0.01 -0.01 -0.05 0.07 
14 Applying PV 3 0.02 -0.02 0.18 0.03 -0.32 0.07 0.00 -0.02 -0.06 0.07 
15 Applying PV 4 0.03 -0.01 0.19 0.02 -0.32 0.08 -0.01 -0.01 -0.06 0.07 
16 Applying PV 5 0.03 -0.01 0.18 0.02 -0.32 0.07 -0.02 -0.01 -0.05 0.07 
17 Reasoning PV 1 0.02 -0.01 0.19 0.01 -0.31 0.08 -0.01 -0.02 -0.06 0.07 
18 Reasoning PV 2 0.02 -0.01 0.19 0.02 -0.33 0.08 -0.01 -0.01 -0.06 0.07 
19 Reasoning PV 3 0.02 -0.01 0.19 0.03 -0.32 0.08 -0.01 -0.02 -0.06 0.07 
20 Reasoning PV 4 0.03 -0.01 0.20 0.01 -0.32 0.08 -0.01 -0.01 -0.05 0.06 
21 Reasoning PV 5 0.03 0.00 0.19 0.01 -0.32 0.08 -0.02 -0.01 -0.05 0.07 
22 Home educational resources 0.02 -0.04 0.19 0.00 -0.34 0.03 0.01 -0.01 -0.03 0.03 
23 Students like science 0.02 0.00 0.02 0.00 -0.04 0.02 0.01 0.01 -0.01 0.00 
24 Female teacher 0.02 -0.01 0.02 0.03 -0.17 0.04 -0.03 0.01 -0.02 0.04 
25 Advanced degree -0.01 0.06 0.04 0.02 -0.11 0.05 0.14 0.02 0.06 -0.16 
26 Biology major 0.07 0.04 0.12 0.03 -0.01 0.10 0.13 0.10 -0.01 -0.17 
27 Physics major 0.08 0.06 0.11 -0.02 -0.02 0.04 0.08 0.04 0.05 -0.11 
28 Chemistry major -0.01 0.02 0.08 -0.02 -0.03 0.06 0.01 0.08 0.05 -0.07 
29 Earth science major 0.08 0.04 0.07 -0.03 -0.08 -0.02 0.07 -0.12 -0.11 0.12 
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30 Science education major 0.19 0.18 0.09 0.00 -0.04 0.08 0.11 -0.06 0.06 -0.09 
31 Science content PD 1.00 0.52 0.02 -0.01 0.00 -0.02 0.00 -0.03 -0.04 0.04 
32 Science pedagogy PD 0.52 1.00 -0.04 0.04 0.01 0.09 -0.02 -0.02 0.05 -0.03 
33 School SES 11-25 percent 0.02 -0.04 1.00 -0.26 -0.38 0.02 0.05 0.01 -0.04 0.01 
34 School SES 26-50 percent -0.01 0.04 -0.26 1.00 -0.47 0.06 -0.03 0.01 -0.04 0.03 
35 School SES 50 or more percent 0.00 0.01 -0.38 -0.47 1.00 -0.05 0.00 -0.02 0.04 -0.02 
36 Class size -0.02 0.09 0.02 0.06 -0.05 1.00 0.00 0.01 0.01 0.02 
37 Biology emphasis 0.00 -0.02 0.05 -0.03 0.00 0.00 1.00 -0.35 -0.44 -0.18 
38 Chemistry emphasis -0.03 -0.02 0.01 0.01 -0.02 0.01 -0.35 1.00 0.32 -0.59 
39 Physics emphasis -0.04 0.05 -0.04 -0.04 0.04 0.01 -0.44 0.32 1.00 -0.56 
40 Earth science emphasis 0.04 -0.03 0.01 0.03 -0.02 0.02 -0.18 -0.59 -0.56 1.00 
41 Problems with working conditions 0.00 -0.07 0.16 -0.06 -0.22 -0.03 0.06 -0.07 -0.01 0.01 
42 Safe and orderly school -0.08 -0.09 0.27 0.03 -0.50 0.03 0.06 -0.09 -0.03 0.05 
43 School size 0.04 0.10 0.06 -0.04 0.00 0.05 -0.09 0.13 0.14 -0.12 
44 Science resource shortages 0.07 0.05 0.00 -0.07 -0.04 0.06 0.07 -0.10 0.06 -0.02 
45 School achievement 0.04 -0.01 0.26 0.02 -0.44 0.11 -0.01 -0.02 -0.09 0.10 
46 Any science major 0.07 0.02 0.13 -0.01 -0.04 0.04 0.06 0.06 -0.04 -0.05 
47 New teacher (5 or fewer years) 0.07 0.11 -0.07 -0.01 0.14 -0.06 -0.04 0.05 0.03 -0.05 
48 Biology major*New teacher 0.05 0.08 -0.01 0.03 0.04 0.02 -0.01 0.03 0.03 -0.07 
49 Physics major*New teacher 0.08 0.09 0.08 -0.02 -0.01 -0.02 0.06 -0.01 -0.04 -0.02 
50 Chemistry major*New teacher 0.05 0.07 0.03 -0.01 0.03 -0.01 0.02 0.02 0.01 -0.06 
51 Earth science major*New teacher 0.03 0.00 -0.03 -0.01 0.05 -0.04 0.03 -0.07 -0.06 0.04 
52 Science education major*New teacher 0.03 0.04 -0.02 0.02 0.07 -0.01 -0.03 0.01 0.05 -0.04 
53 Science content PD*New teacher 0.24 0.17 -0.06 -0.02 0.12 -0.07 -0.04 0.03 0.02 -0.03 
54 Science pedagogy PD*New teacher 0.15 0.28 -0.07 -0.01 0.12 -0.04 -0.04 0.05 0.02 -0.04 
55 Any science major*New teacher 0.05 0.07 -0.03 0.03 0.08 -0.01 -0.02 0.01 0.03 -0.04 
56 Biology major*Biology emphasis 0.04 0.03 0.04 0.01 -0.03 0.01 0.23 -0.07 -0.12 -0.02 
57 Physics major*Physics emphasis -0.03 -0.04 -0.01 -0.05 0.04 -0.04 -0.07 0.01 0.10 -0.01 
58 Chemistry major*Chemistry emphasis -0.01 0.04 -0.02 0.06 -0.01 -0.01 -0.05 0.18 0.08 -0.11 
59 Earth science major*Earth science emphasis 0.00 -0.02 -0.04 -0.05 0.06 -0.04 -0.07 -0.10 -0.05 0.14 
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41 42 43 44 45 46 47 48 49 50 
1 Female student 0.00 0.00 -0.03 -0.01 0.02 0.00 0.02 0.01 0.01 0.01 
2 Overall PV 1 0.17 0.29 -0.01 0.07 0.71 0.02 -0.13 -0.09 -0.05 -0.08 
3 Overall PV 2 0.16 0.28 -0.01 0.07 0.70 0.02 -0.12 -0.09 -0.05 -0.08 
4 Overall PV 3 0.17 0.29 -0.02 0.07 0.70 0.02 -0.12 -0.09 -0.05 -0.08 
5 Overall PV 4 0.16 0.28 -0.01 0.07 0.70 0.02 -0.12 -0.09 -0.05 -0.08 
6 Overall PV 5 0.16 0.28 -0.02 0.07 0.70 0.02 -0.13 -0.09 -0.06 -0.09 
7 Knowing PV 1 0.16 0.27 -0.01 0.07 0.69 0.02 -0.13 -0.08 -0.05 -0.08 
8 Knowing PV 2 0.17 0.29 -0.01 0.07 0.70 0.02 -0.12 -0.08 -0.05 -0.07 
9 Knowing PV 3 0.16 0.28 -0.02 0.06 0.68 0.03 -0.12 -0.07 -0.05 -0.07 
10 Knowing PV 4 0.17 0.28 -0.01 0.08 0.69 0.02 -0.12 -0.09 -0.06 -0.08 
11 Knowing PV 5 0.17 0.28 -0.02 0.07 0.69 0.02 -0.12 -0.09 -0.05 -0.08 
12 Applying PV 1 0.17 0.28 -0.01 0.07 0.69 0.02 -0.13 -0.09 -0.05 -0.08 
13 Applying PV 2 0.16 0.29 -0.01 0.06 0.69 0.02 -0.12 -0.08 -0.05 -0.07 
14 Applying PV 3 0.17 0.29 -0.02 0.06 0.69 0.03 -0.12 -0.08 -0.04 -0.07 
15 Applying PV 4 0.17 0.28 -0.01 0.07 0.70 0.02 -0.13 -0.09 -0.05 -0.08 
16 Applying PV 5 0.17 0.28 -0.02 0.06 0.69 0.02 -0.13 -0.09 -0.05 -0.08 
17 Reasoning PV 1 0.17 0.28 0.00 0.07 0.71 0.02 -0.13 -0.08 -0.05 -0.07 
18 Reasoning PV 2 0.17 0.29 -0.01 0.06 0.72 0.02 -0.13 -0.08 -0.05 -0.08 
19 Reasoning PV 3 0.17 0.29 -0.01 0.06 0.71 0.02 -0.12 -0.08 -0.05 -0.07 
20 Reasoning PV 4 0.17 0.29 0.00 0.07 0.72 0.02 -0.13 -0.09 -0.05 -0.08 
21 Reasoning PV 5 0.17 0.29 -0.01 0.06 0.72 0.02 -0.13 -0.09 -0.05 -0.08 
22 Home educational resources 0.15 0.29 -0.02 0.04 0.45 0.02 -0.12 -0.07 -0.03 -0.07 
23 Students like science 0.02 0.06 -0.01 0.06 0.15 0.03 -0.02 -0.03 -0.02 -0.03 
24 Female teacher 0.04 0.09 0.01 0.00 0.19 -0.10 -0.09 -0.05 -0.04 -0.03 
25 Advanced degree -0.05 0.07 -0.01 0.07 0.10 0.15 -0.10 0.00 0.09 0.02 
26 Biology major 0.01 0.06 0.11 0.04 0.00 0.73 -0.01 0.32 0.10 0.16 
27 Physics major 0.00 0.04 0.12 0.01 -0.05 0.24 0.02 0.10 0.44 0.19 
28 Chemistry major 0.02 0.08 0.04 0.04 0.01 0.39 0.06 0.18 0.21 0.43 
29 Earth science major 0.03 0.13 -0.13 0.02 0.10 0.38 -0.06 -0.05 0.07 -0.01 
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30 Science education major 0.07 0.07 -0.01 0.05 0.07 0.14 -0.05 0.00 -0.01 0.00 
31 Science content PD 0.00 -0.08 0.04 0.07 0.04 0.07 0.07 0.05 0.08 0.05 
32 Science pedagogy PD -0.07 -0.09 0.10 0.05 -0.01 0.02 0.11 0.08 0.09 0.07 
33 School SES 11-25 percent 0.16 0.27 0.06 0.00 0.26 0.13 -0.07 -0.01 0.08 0.03 
34 School SES 26-50 percent -0.06 0.03 -0.04 -0.07 0.02 -0.01 -0.01 0.03 -0.02 -0.01 
35 School SES 50 or more percent -0.22 -0.50 0.00 -0.04 -0.44 -0.04 0.14 0.04 -0.01 0.03 
36 Class size -0.03 0.03 0.05 0.06 0.11 0.04 -0.06 0.02 -0.02 -0.01 
37 Biology emphasis 0.06 0.06 -0.09 0.07 -0.01 0.06 -0.04 -0.01 0.06 0.02 
38 Chemistry emphasis -0.07 -0.09 0.13 -0.10 -0.02 0.06 0.05 0.03 -0.01 0.02 
39 Physics emphasis -0.01 -0.03 0.14 0.06 -0.09 -0.04 0.03 0.03 -0.04 0.01 
40 Earth science emphasis 0.01 0.05 -0.12 -0.02 0.10 -0.05 -0.05 -0.07 -0.02 -0.06 
41 Problems with working conditions 1.00 0.42 -0.09 0.17 0.23 0.00 -0.08 -0.03 0.01 0.00 
42 Safe and orderly school 0.42 1.00 -0.05 0.02 0.40 0.11 -0.17 -0.03 -0.02 0.00 
43 School size -0.09 -0.05 1.00 0.13 -0.02 0.05 0.04 0.10 0.04 0.05 
44 Science resource shortages 0.17 0.02 0.13 1.00 0.09 0.04 -0.01 -0.03 -0.05 -0.03 
45 School achievement 0.23 0.40 -0.02 0.09 1.00 0.02 -0.18 -0.13 -0.08 -0.11 
46 Any science major 0.00 0.11 0.05 0.04 0.02 1.00 -0.03 0.23 0.10 0.17 
47 New teacher (5 or fewer years) -0.08 -0.17 0.04 -0.01 -0.18 -0.03 1.00 0.65 0.29 0.47 
48 Biology major*New teacher -0.03 -0.03 0.10 -0.03 -0.13 0.23 0.65 1.00 0.38 0.59 
49 Physics major*New teacher 0.01 -0.02 0.04 -0.05 -0.08 0.10 0.29 0.38 1.00 0.52 
50 Chemistry major*New teacher 0.00 0.00 0.05 -0.03 -0.11 0.17 0.47 0.59 0.52 1.00 
51 Earth science major*New teacher -0.02 -0.04 -0.06 0.00 -0.04 0.13 0.35 0.20 0.33 0.21 
52 Science education major*New teacher -0.06 -0.12 -0.01 -0.01 -0.08 0.06 0.60 0.45 0.19 0.33 
53 Science content PD*New teacher -0.06 -0.14 0.04 0.00 -0.18 -0.03 0.89 0.58 0.33 0.44 
54 Science pedagogy PD*New teacher -0.09 -0.15 0.05 -0.02 -0.19 -0.04 0.86 0.58 0.33 0.43 
55 Any science major*New teacher -0.04 -0.07 0.04 -0.03 -0.15 0.26 0.74 0.88 0.40 0.64 
56 Biology major*Biology emphasis 0.00 0.04 0.00 -0.03 -0.02 -0.01 -0.03 -0.04 0.29 0.18 
57 Physics major*Physics emphasis 0.00 -0.01 -0.03 0.05 0.02 -0.04 -0.12 -0.18 -0.40 -0.23 
58 Chemistry major*Chemistry emphasis 0.00 -0.02 0.04 -0.05 -0.01 0.02 0.07 0.06 0.03 0.14 
59 Earth science major*Earth science emphasis 0.03 0.00 -0.06 0.01 0.01 0.03 0.10 -0.05 -0.14 -0.10 
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51 52 53 54 55 56 57 58 59 
1 Female student 0.01 0.03 0.01 0.02 0.02 0.00 -0.01 0.01 0.01 
2 Overall PV 1 -0.03 -0.06 -0.13 -0.13 -0.10 -0.01 0.01 -0.01 0.01 
3 Overall PV 2 -0.03 -0.06 -0.13 -0.13 -0.10 -0.01 0.01 -0.01 0.00 
4 Overall PV 3 -0.02 -0.06 -0.12 -0.13 -0.10 -0.01 0.02 0.00 0.01 
5 Overall PV 4 -0.02 -0.06 -0.12 -0.13 -0.10 -0.01 0.02 -0.01 0.01 
6 Overall PV 5 -0.03 -0.06 -0.14 -0.14 -0.11 -0.02 0.02 -0.01 0.01 
7 Knowing PV 1 -0.02 -0.06 -0.13 -0.14 -0.10 -0.01 0.01 -0.01 0.01 
8 Knowing PV 2 -0.03 -0.06 -0.12 -0.13 -0.10 -0.01 0.02 0.00 0.00 
9 Knowing PV 3 -0.02 -0.05 -0.12 -0.13 -0.09 -0.02 0.02 -0.01 0.01 
10 Knowing PV 4 -0.02 -0.06 -0.12 -0.13 -0.10 -0.01 0.01 -0.01 0.01 
11 Knowing PV 5 -0.03 -0.06 -0.12 -0.13 -0.10 -0.02 0.02 0.00 0.02 
12 Applying PV 1 -0.02 -0.06 -0.13 -0.14 -0.10 -0.01 0.02 -0.01 0.00 
13 Applying PV 2 -0.03 -0.05 -0.12 -0.13 -0.09 -0.01 0.01 0.00 0.00 
14 Applying PV 3 -0.02 -0.05 -0.12 -0.13 -0.09 -0.01 0.01 0.00 0.01 
15 Applying PV 4 -0.02 -0.06 -0.13 -0.14 -0.10 -0.01 0.02 -0.01 0.00 
16 Applying PV 5 -0.03 -0.06 -0.13 -0.13 -0.10 -0.02 0.02 0.00 0.01 
17 Reasoning PV 1 -0.03 -0.06 -0.13 -0.14 -0.10 -0.01 0.01 -0.01 0.00 
18 Reasoning PV 2 -0.04 -0.06 -0.13 -0.14 -0.10 -0.01 0.02 0.00 0.00 
19 Reasoning PV 3 -0.03 -0.05 -0.13 -0.13 -0.09 -0.01 0.01 0.00 0.00 
20 Reasoning PV 4 -0.03 -0.06 -0.13 -0.14 -0.11 -0.01 0.01 -0.01 0.00 
21 Reasoning PV 5 -0.03 -0.06 -0.13 -0.14 -0.11 -0.01 0.02 0.00 0.01 
22 Home educational resources -0.02 -0.07 -0.11 -0.12 -0.09 0.01 0.00 0.00 -0.01 
23 Students like science 0.00 0.00 -0.02 -0.02 -0.03 -0.02 0.01 0.00 0.00 
24 Female teacher -0.06 -0.04 -0.05 -0.03 -0.06 -0.04 0.02 -0.01 0.00 
25 Advanced degree -0.03 -0.04 -0.08 -0.07 -0.02 0.03 -0.01 0.02 -0.05 
26 Biology major -0.02 0.03 -0.01 0.00 0.21 -0.01 -0.06 0.01 -0.06 
27 Physics major 0.11 0.02 0.05 0.05 0.10 0.14 -0.18 0.01 -0.08 
28 Chemistry major 0.04 0.06 0.06 0.06 0.19 0.10 -0.10 0.06 -0.07 
29 Earth science major 0.33 -0.03 -0.05 -0.07 0.04 0.06 -0.09 -0.03 0.09 
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30 Science education major -0.01 0.30 -0.06 -0.06 0.03 -0.05 -0.01 0.02 0.01 
31 Science content PD 0.03 0.03 0.24 0.15 0.05 0.04 -0.03 -0.01 0.00 
32 Science pedagogy PD 0.00 0.04 0.17 0.28 0.07 0.03 -0.04 0.04 -0.02 
33 School SES 11-25 percent -0.03 -0.02 -0.06 -0.07 -0.03 0.04 -0.01 -0.02 -0.04 
34 School SES 26-50 percent -0.01 0.02 -0.02 -0.01 0.03 0.01 -0.05 0.06 -0.05 
35 School SES 50 or more percent 0.05 0.07 0.12 0.12 0.08 -0.03 0.04 -0.01 0.06 
36 Class size -0.04 -0.01 -0.07 -0.04 -0.01 0.01 -0.04 -0.01 -0.04 
37 Biology emphasis 0.03 -0.03 -0.04 -0.04 -0.02 0.23 -0.07 -0.05 -0.07 
38 Chemistry emphasis -0.07 0.01 0.03 0.05 0.01 -0.07 0.01 0.18 -0.10 
39 Physics emphasis -0.06 0.05 0.02 0.02 0.03 -0.12 0.10 0.08 -0.05 
40 Earth science emphasis 0.04 -0.04 -0.03 -0.04 -0.04 -0.02 -0.01 -0.11 0.14 
41 Problems with working conditions -0.02 -0.06 -0.06 -0.09 -0.04 0.00 0.00 0.00 0.03 
42 Safe and orderly school -0.04 -0.12 -0.14 -0.15 -0.07 0.04 -0.01 -0.02 0.00 
43 School size -0.06 -0.01 0.04 0.05 0.04 0.00 -0.03 0.04 -0.06 
44 Science resource shortages 0.00 -0.01 0.00 -0.02 -0.03 -0.03 0.05 -0.05 0.01 
45 School achievement -0.04 -0.08 -0.18 -0.19 -0.15 -0.02 0.02 -0.01 0.01 
46 Any science major 0.13 0.06 -0.03 -0.04 0.26 -0.01 -0.04 0.02 0.03 
47 New teacher (5 or fewer years) 0.35 0.60 0.89 0.86 0.74 -0.03 -0.12 0.07 0.10 
48 Biology major*New teacher 0.20 0.45 0.58 0.58 0.88 -0.04 -0.18 0.06 -0.05 
49 Physics major*New teacher 0.33 0.19 0.33 0.33 0.40 0.29 -0.40 0.03 -0.14 
50 Chemistry major*New teacher 0.21 0.33 0.44 0.43 0.64 0.18 -0.23 0.14 -0.10 
51 Earth science major*New teacher 1.00 0.23 0.32 0.25 0.48 0.13 -0.28 -0.05 0.27 
52 Science education major*New teacher 0.23 1.00 0.51 0.48 0.57 -0.11 -0.09 0.07 0.09 
53 Science content PD*New teacher 0.32 0.51 1.00 0.87 0.66 0.03 -0.13 0.04 0.07 
54 Science pedagogy PD*New teacher 0.25 0.48 0.87 1.00 0.63 0.01 -0.14 0.11 0.04 
55 Any science major*New teacher 0.48 0.57 0.66 0.63 1.00 -0.04 -0.16 0.09 0.13 
56 Biology major*Biology emphasis 0.13 -0.11 0.03 0.01 -0.04 1.00 -0.29 -0.11 -0.21 
57 Physics major*Physics emphasis -0.28 -0.09 -0.13 -0.14 -0.16 -0.29 1.00 0.08 0.18 
58 Chemistry major*Chemistry emphasis -0.05 0.07 0.04 0.11 0.09 -0.11 0.08 1.00 -0.02 
59 Earth science major*Earth science emphasis 0.27 0.09 0.07 0.04 0.13 -0.21 0.18 -0.02 1.00 
PV = plausible value. PD = professional development. SES = socioeconomic status.  
